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Abstract
As ambient systems proliferate, there is an increased need for data-level fusion methods that reflect the challenges of unknown environments, non-deterministic signal
behaviours, and movement artifact. Cushioning between the sensor and bed occupant decreases signal to noise power and signal availability, while non-linear signals
can masquerade as delayed and reversed signals. The main contributions of this thesis are to study how these challenges affect extraction of a breathing signal from
bed-based sensors and to propose more robust fusion techniques.
New trend analysis methods effectively corrected polarity reversals, increasing the
number of good quality signals by 9% and reducing mean respiratory rate error by
24%. To fuse these signals, selection combining, weighted summation, and blind
source separation methods were innovated and compared. None performed best all of
the time; some were generally good with some weaknesses, while others had specialized
strengths. Contextual ensemble fusion selected the best fusion method in degraded
conditions in 55% of records, compared to 36% for the top individual fusion method,
providing clinical applications with more reliable data. While sleep medicine is an
important application, ambient monitoring is also suited to cognitive medicine and
palliative care. Developed methods were applied to monitor patients in palliative care,
marking the first long-term, continuous monitoring of this population. Breathing
patterns observed in the last weeks of life included Cheyne-Stokes respiration and
tachypnea, while breathing variability was associated with survival time.
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To the things that didn’t exist before this journey started and now do
:
husband and daddy
daughters
grandmothers & grandfathers
early mornings
iPhones
some neural pathways
This is for you. The new and evolving drive this work.
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Chapter 1

Introduction

1.1

Motivation

Ambient sensors pervade our lives. These sensors, embedded into our everyday environments, monitor and respond to our needs without interaction on our part [1], [2].
An ambient intelligence system interprets events occurring in the environment, represents this knowledge, plans actions around events, interacts with humans, and takes
action based on the events [3]. Ambient systems can be very unobtrusive since the
sensors can be inconspicuous and the system designed for only limited intervention
from users. Indeed, they can be forgotten until they are needed.
Ambient intelligence is so commonplace that we hardly marvel at a traffic signal
that automatically changes to green when cars are waiting, a counter installed in a
bike lane to record daily usage, or a toilet that flushes itself. Perhaps we do not marvel
at these since all of these technologies produce signals that are generally simple to
interpret. Binary presence is inferred from a high or low signal and an action proceeds
once the signal passes a certain threshold. We have yet to harness the full potential
of ambient sensor monitoring, when sensors will detect and respond to much more
complicated signals.
For example, ambient systems can be used to identify people according to their
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gait [4] or summon emergency vehicles and contact friends and family when they
detect medical events like heart attacks or strokes [5]. Moreover, intelligent sensors
around us could learn our personal patterns and warn us when they sense a change,
before we are even aware of danger.
By employing not just one sensor but many sensors in a multisensor array configuration, the quality of the extracted signals can be enhanced by making use of
redundant information [6]. An array of sensors also provides localization capability
and thus more monitoring opportunities.
Opportunities for ambient sensing abound. Even the single sensing modality of
pressure sensing provides many possibilities. Most surfaces, including furnishings and
floors, can be covered by pressure sensors [7]. Once embedded in the environment,
pressure sensors can be used to detect presence, monitor weight, quantify movement
strength and duration, and extract cardiorespiratory activity. By using a multisensor
array of pressure sensors instead of a single sensor, potential exists to improve weak
cardiorespiratory signals, localize motion, and infer posture.

1.2

Problem Statement

Reliability and robustness has been identified as a challenge for sensors operated for
medical monitoring in home environments [8], [9]. To be “robust” is to be “able to
withstand or overcome adverse conditions” [10]. Intelligent and robust processing
of sensor data is critical to the adoption of ambient sensorized systems. Inadequate
processing leads to poor signal quality, inaccurate information gleaned from poor
quality signals, faulty decisions made from inaccurate information, and ultimately
abandonment of the unreliable monitoring system. Current analysis techniques are
often inadequate to deal with naturally occurring signals in their uncontrolled and

3
chaotic environments. Even in more regimented laboratory environments, computerization has yet to replace the drudgery of manual scoring. For instance, best practices
for the evaluation of sleep apnea is laboratory polysomnography [11], which calls for
visual scoring by a trained expert [12]. Yet, we should expect not just to replace visual scoring, but to improve it by taking advantage of features that are not detectable
to the human eye [13].
The barriers to automated medical monitoring stem partly from conditions of
interference in the sensor system itself and partly from the non-deterministic nature
of the physiological signals. Although multisensor systems provide signal redundancy,
they also increase system complexity and can obscure signal analysis by introducing
new interference and differing localized and sensor responses. If signal fusion is poorly
handled, the resulting output could less accurately reflect the source signal than a
system based on just a single sensor.
Fig. 1.1 depicts the ambient multisensor fusion problem for a system with K
sensors. Monitoring of a non-stationary, quasiperiodic source signal with unknown
and variable amplitude is desired. This signal is modeled as a periodic signal with
temporal jitter, shifting the period by up to ±Tj seconds from one cycle to the
next. The quasiperiodic signal is fed to each sensor in the array, where its localized
behaviour shapes the signal response lk (·) of the kth sensor. Interference E(t) from
other sources in the environment is added to the signal, with each sensor experiencing
this interference as a unique Ek (t). Baseline levels vk vary from sensor to sensor, since
each sensor’s baseline value may differ according to the location of the sensor in the
environment, its base load, and natural variations in the sensor’s characteristics. The
sensor itself contributes unique combinations of noise and drift signals, nk (t) and dk (t)
respectively. Sensor responses hk (·) may be non-linear and variable between sensors.
Quantization noise nk,ADC (t) is added by the analog to digital converter (ADC). The
final input signal xk (tn ) is a sampled version of the original source signal z(t) with
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Figure 1.1: Block diagram of ambient sensor array monitoring to extract a source
signal from an array of sensors. Complications arise from non-stationary signal behaviour (temporal jitter), system response (non-linear sensor response and localized
environmental response), and interference (external interference from other sources,
noise from the sensor, quantization noise, and sensor drift).
added interference, drift, and noise.
The effect of the complexities arising by using multiple sensors is exemplified in
the evolving use of bed-based sensor arrays. Early bed-based sensing in the 1980’s
by Alihanka et al. used a specialized mattress providing a single sensor signal for
movement and cardiopulmonary monitoring [14]. As the benefit of such ambient
monitoring was recognized, multisensor systems emerged in the late 1990’s and early
2000’s that used 30 to 220 sensors embedded into mattresses [15–21]. These systems
allowed not only vital sign monitoring, but also posture recognition. However, later
systems scaled back to only one or two sensors, concentrating on the respiration and

5
cardiac parameters or on new sensing modalities [22–30]. Often, researchers who did
use multiple sensors investigated which sensor provided the best results, intending
to use only one of the sensors [31–33]. Chen et al. cited reducing computational
complexity as a main driver towards a single signal [32]. Recently, multisensor systems
have once again gained traction, generally with between 4 to 6, but sometimes up to
30 sensors [34–42]. Kortelainen et al. originally embedded 160 sensors in a bed [40],
but later reduced the number of sensors to just eight [43]. Cost was cited as the
main reason for that reduction [40]. An exception to the use of fewer sensors is the
application of sensor arrays to posture recognition. 8192 sensors have been embedded
into a sheet to form high resolution pressure images [44], [45]. Fusion of the sensors
for cardiopulmonary monitoring was not attempted with this number of sensors, but
with appropriate fusion techniques, it would be possible.
Not only does signal fusion complicate ambient sensing, but in ambient sensing,
one signal extraction block’s interference signal is another’s signal of interest. For
instance, when extracting cardiac signals, breathing motion and movement artifact
are sources of interference. However, these signals convey information that may be
useful in their own right. In many applications, separating one signal from another
can be done by analysis of stationary signal parameters; for example, the known signal
frequencies can be amplified and undesirable frequencies suppressed. However, many
ambient signals are non-stationary and non-deterministic, e.g., neither the exact shape
of a breathing signal, its frequency (if periodic), nor its amplitude are known a priori.
It is often the point of an ambient monitoring system to pick up on signals when they
are most non-deterministic. For instance, it is disordered breathing, and perhaps not
the regular rhythmic motion, that an ambient breathing monitor fundamentally seeks
to uncover. Furthermore, while general frequency bands can be used to separate nondeterministic signals, overlapping spectral characteristics can inhibit such analysis.
For example, movement artifact causes strong interference in both the breathing and
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cardiac bands.

1.3

Objectives and Scope

This thesis works towards providing dependable information from ambient sensors,
where challenging conditions are present in the environment, the sensors, or the source
signals themselves. Digital signal processing techniques are required that allow for the
range of disordered source signals and interference that may be present. The main
objective of this thesis is to develop signal fusion techniques that combine
physiological signals recovered by multiple ambient sensors to produce a
single accurate signal that can be used reliably in clinical applications. The
light red “Source Signal Extraction” block shown in Fig. 1.1 is the main subject of
this thesis. This block fuses the input signals from all of the sensors to produce an
estimate z ′ (tn ) of the original source signal. From this estimate, information may be
extracted.
Five concrete objectives emerge:
1. Identify conditions of fallibility for fusion algorithms extracting physiological
signals from ambient sensors;
2. Develop new, more robust multisensor fusion methods;
3. Analyze new and existing algorithms, considering the identified conditions;
4. Identify new applications of clinical monitoring that would benefit from ambient
sensing;
5. Apply ambient technology to the analysis of clinical data.
Particular emphasis is placed on the application of constructing breathing signals
for respiratory pattern analysis from bed-based multisensor platforms. The “smart
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Figure 1.2: The sensorized bed can be used for prevention, screening, and monitoring
bed” concept provides unobtrusive monitoring of a bed occupant using pressure sensors. Fig. 1.2 shows this sensorized bed equipped with a pressure sensor array, as a
component in an ambient system for prevention, screening, and monitoring. An array of pressure sensors below the mattress captures loading, movement, and breathing
from the bed occupant with the intent to extract clinically useful information through
appropriate processing. The middle stage of signal processing is the main topic for this
thesis, with some consideration to information and analysis in the final contributory
chapter.
This thesis examines the components of processing for signal fusion, including signal alignment by detecting polarity reversals that arise between sensors. Another component in signal alignment are correcting for delays between sensor signals. Breathing
signal delay correction can be found within the scope of Daphne Townsend’s Ph.D.
thesis [46].
It is possible for ambient systems to pick up multiple source signals of the same
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type. For instance, two people sharing a sensorized bed produce two unique breathing
signals and each would need to be separated from the other. However, the scope of
this thesis is limited to a single bed occupant.
Although the thesis makes use of pressure sensors for experimental purposes, the
developed methods are independent of the sensing modality. However, this modality
does provide some limitation on achievable output. The usage of under-mattress
pressure sensors allows extraction of breathing effort, but not an absolute respiratory
volume. The scope of this thesis with respect to respiratory signal extraction and
breath amplitudes is limited to relative breathing effort amplitudes. Analysis of
breathing patterns is independent of absolute air volumes. Additional important
aspects of ambient medical monitoring that reside outside the scope of this thesis
include data transmission, storage, and security. Although challenges exist in each of
these areas, they are not dealt with here.

1.4

System Overview and Thesis Organization

A fusion system designed to obtain an estimate of a real-world source signal unwraps
the signal from the system response and reduces interference. From the model in
Fig 1.1, the general signal architecture for ambient multisensor signal analysis is
depicted in Fig. 1.3. Characterization mitigates the effect of the magnitude of the
system response, alignment amends delays between signals and sign changes due to
system response, and signal fusion joins the signals that were split across K sensors.
This thesis is ordered in a bottom up approach, according to the flow shown in
Fig. 1.3. However, before the signal extraction components are addressed, Chapter
2 reviews related research and pertinent open research questions. Chapter 3 then
catalogues the system setup used for experimentation and details the experiments
that were run to provide datasets for use throughout the thesis. The following four
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Figure 1.3: The system architecture for source signal extraction
chapters each deal with a component of source signal extraction labeled in Fig. 1.3.
Chapter 4 examines characterizing and linearizing the system response. Chapter 5
studies methods to align signal by correcting reversals that flip signal polarity. Once
the signals are aligned, fusion methods can be applied in Chapter 6. Chapter 7
considers enhancing fusion by employing an ensemble of fusion methods. Proposed
techniques are applied to clinical data, collected from participants in a palliative care
ward, in Chapter 8. Conclusions are provided in Chapter 9. An appendix provides
background information about palliative care.

1.5

Thesis Contributions

The general contribution of this thesis is the development and optimization of algorithms to extract ambient breathing signals in suboptimal conditions. A number
of specific contributions to the field of ambient physiological signal extraction were
made for each of the stages of processing shown in Fig. 1.3.
The work completed for this thesis resulted in a number of publications with coauthors. For a complete detailing of the work involved and the division of labour,
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please see the Statement of Originality at the beginning of this thesis. The contributions listed here are all the original work of the author of this thesis.

1.5.1

Contributions

in

Ambient

System

Response

Characterization
Contributions were made in the domain of sensor array measurement to quantify
environmental response and sensor array response. Since many systems are tested in
controlled laboratory settings, it is possible that use in real environments could be
corrupted by dampened signals. Contributions were made to environmental response
analysis for pressure sensor systems by investigating the impact of variable cushioning
between the sensors and the individual to be monitored. Assessment was made of the
power lost and the reduction in the number of sensors with available physiological
signals. Power loss modeled according to mattress thickness showed that coil and foam
mattresses attenuated breathing signals at a rate of 0.7 dB/cm while a futon mattress
attenuated them at 0.8 dB/cm. The study that considered these contributions is the
first to quantify the impact of furnishings as a source of performance loss in ambient
sensing. It also indicated the importance of a processing system that is robust to low
signal to noise ratios and low signal availability when placing sensors beneath, rather
than on top, of a mattress.
Not only is the environment responsible for the system response, but the sensor itself and the array configuration also factor in the response. Contributions were made
to characterize the ambient sensor array through development of a theoretical model
for KinotexTM pressure sensors and linearization of signals using a neural network to
take into account both non-uniform spatial response and non-linear sensor response.
A further contribution was to introduce a shortened calibration protocol by training the neural network with modeled data. These methods allow a sensor array to
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provide estimation of applied force according to the location of the application. The
contributions made to system response characterization are presented in Chapter 4,
and published primarily in:
[47] M. Holtzman, A. Arcelus, I. Veledar, R. Goubran, H. Sveistrup, and
P. Guitard. “Force estimation with a non-uniform pressure sensor array.” In
“Proc. 2008 IEEE Instrumentation and Measurement Technology Conf. (IMTC
2008).” pages 1974–1979 (2008).
[48] A. Arcelus, M. Holtzman, I. Veledar, R. Goubran, H. Sveistrup, and
P. Guitard. “Contact location estimation from a nonlinear array of pressure
sensors.” In “Proc. 2008 IEEE Int. Conf. Instrumentation and Measurement
Technology (IMTC 2008),” pages 1969–1973 (2008).
[49] M. Holtzman, D. Townsend, R. Goubran, and F. Knoefel. “Validation of
pressure sensors for physiological monitoring in home environments.” In “Proc.
2010 IEEE Int. Workshop Medical Measurements and Applications (MeMeA
2010),” pages 38–42 (2010).
Further, the application of this work is reflected in other publications, including:
[50] A. Arcelus, M. Holtzman, R. Goubran, H. Sveistrup, P. Guitard, and
F. Knoefel. “Analysis of commode grab bar usage for the monitoring of older
adults in the smart home environment.” In ”Proc. 2009 Ann. Int. Conf. IEEE
Engineering in Medicine and Biology Society (EMBC 2009),” pages 6155–6158
(2009).
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1.5.2

Contributions in Signal Alignment

Signal alignment is an important pre-conditioning step for many fusion algorithms.
A key stage of breathing signal alignment from bed-based sensors is correction of systemic signal polarity reversals. Contributions to signal alignment include developing
and evaluating three methods of reversal detection including a correlation coefficient
method, a method that assesses the sign of the slopes of the input signals, and an
adaptive slope analysis technique. These last two fused rather than selected a reference signal.
Comparisons between methods were made using simulated signals with added
drift, noise, and burst interference. These showed that the two slope-based methods
were more robust to interference. Further, an assessment of fusing rather than selecting the reference demonstrated the impact of this fusion, particularly in AWGN
noise, where up to 15% more sensor polarities were accurately assessed due to this
fusion alone. Comparisons were also made using filtered and unfiltered experimental
data. Lowpass filters were shown to be moderately effective at mitigating the effect
of noise. The ultimate effect of applying new methods of reversal detection was to
increase signal quality to acceptable levels in 8% more segments and improve respiratory rate estimates by 24%, even in the relatively controlled laboratory conditions.
For deployment in the less controlled home environment, the improvements offered
by these algorithms could be even larger, leading to more reliable breathing signal
monitoring. This work appears in Chapter 5. Related publications include:
[51] M. Holtzman, R. Goubran, and F. Knoefel, “Robust coherent sensor combining with decision directed reversal correction,” IEEE Trans. Instrum. Meas.,
Submitted.
[52] M. Holtzman, A. Arcelus, R. Goubran, and F. Knoefel. “Breathing signal
fusion in pressure sensor arrays.” In “Proc. 2008 IEEE Int. Workshop Medical
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Measurements and Applications (MeMeA 2008),” pages 71–76 (2008).
[53] D. I. Townsend, M. Holtzman, R. Goubran, M. Frize, and F. Knoefel. “Measurement of torso movement with delay mapping using an unobtrusive
pressure-sensor array.” IEEE Trans. Instrum. Meas. 60(5), pages 1751–1760.
(2011).

1.5.3

Contributions

in

Data-Level

Physiological

Signal

Fusion
This work takes the novel step of describing many previously presented techniques
of ambient breathing signal fusion as forms of linear diversity combining. The work
presented herein marks the first time that maximal ratio combining has been applied
to physiological signal fusion. This technique requires estimating signal and noise
powers of the individual sensor signals, and three methods were advanced to perform
this estimation. The first used a simple temporal measure of variance, while the second and third used spectrally-estimated signal and noise. The spectral estimation
requires knowledge of the breathing frequency, assumed to be the frequency with the
peak power in the respiratory band. The second method estimated the breathing
frequency at each sensor individually. This individual estimation meant that sensors
with interference reported a stronger signal than was warranted by selecting a frequency with a strong interference signal. To limit mistaking interference for signal,
the third method pre-fuses the signal using equal gain combining, selects the breathing frequency using the fused signal, and then estimates the spectral signal and noise
powers on the individual sensors.
Selection combining was also examined and a method of selecting the sensor using
both signal to noise ratio and in-band signal power was presented. This selection
method was used as a fusion method in its right and also applied to blind source
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separation. In blind source separation, multiple output components are often involved
and selection combining was proposed to evaluate which output component held the
breathing signal while rejecting components that held movement interference.
Comparisons were made between proposed and conventional methods of signal
fusion in varying signal conditions by testing them with synthesized and real-world
data. Eleven methods were tested by fusion of a breathing signal dataset with synthesized corruptions of added noise and drift interference, and datasets of movement
artifact and disordered breathing. A final validation dataset was used to explore the
methods in laboratory conditions. This was the same dataset that was used for analysis of reversal detection, which allowed evaluation across both stages of fusion. Fusion
algorithms that do not require reversal detection can be superior to weighted summation methods (that require reversal detection) when the reversal detection stage was
poorly executed. Maximal ratio combining and adaptive reversal detection weights
both produced generally good fusion performance. A key finding was that, although
these methods outperformed the others, they were not always the best technique, particularly when breathing signal availability was low. This work is found in Chapter 6
and resulted in these publications:
[54] M. Holtzman, R. Goubran, and F. Knoefel. “Maximal ratio combining
for respiratory effort extraction from pressure sensor arrays.” In “Proc. 2011
IEEE Int. Workshop Medical Measurements and Applications (MeMeA 2011),”
pages 88–92 (2011).
[55] M. Holtzman, R. A. Goubran, and F. Knoefel. “Breathing sensor selection
during movement.” In “Proc. 2011 Ann. Int. Conf. IEEE Engineering in
Medicine and Biology Society (EMBC 2011),” pages 381–384. Boston, MA
(2011).
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1.5.4

Contributions in Context-Aware Signal Fusion

The discovery that some methods are sensitive to certain signal and environmental
conditions led to the development of a system that could select the most appropriate
fusion method for the conditions. An ensemble fusion method was instigated that
fuses the signal with multiple fusion methods and then uses a trained classifier to
assess the signal conditions and select the best method. Signal features were identified
that could provide contextual clues regarding environmental and signal conditions and
the system was implemented using a support vector machine (SVM). Candidate fusion
methods were assessed and ultimately four of eleven methods were incorporated into
the system. The SVM parameters were optimized and the best parameters were
reported. Testing of the method was performed using a test set that was held back
from the training set of corrupted and real-life signals. 55% accuracy was achieved
for selecting the best fusion method in degraded conditions, leading to a more robust
fusion algorithm, with fewer undetectable breaths and a lower mean error. It was also
tested on the validation dataset and the dataset used to evaluate multiple mattresses.
The method was able to meet and exceed the fusion quality of the best method for
each of these sets, even as the best method differed for each of the data sets. The
details of this work are found in Chapter 7 and preliminary related work has been
accepted for publication:
[56] M Holtzman and F Knoefel, “Ambient Context in Breathing Signal Fusion,” in Proc. 2014 IEEE Int. Workshop Medical Measurements and Applications (MeMeA 2014), Portugal, Accepted.

1.5.5

Contributions to Ambient Sensing in Clinical Care

Two clinical fields that could benefit from ambient sensing were suggested in this
work, cognitive medicine and palliative care. The specific parameters that could be
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extracted from a bed-based system to support clinical care in those fields were also
detailed. Contributions were made to palliative care by validation of the technology
for motion monitoring in an observer experiment, and by studying the respiratory
parameters related to the end of life. Predictors of survival time based on breathing
rates and breathing amplitude and interval irregularity were revealed. Tachypnea
(fast breathing) was confirmed as indicative of approaching mortality, as all participants showed tachypnea in the week before death. These predictors could be used
to enable early transfer of the patient to the home, better fulfilling their wishes for
place of death. This is the first study of its kind to continuously monitor patients in
a palliative care setting. These contributions are detailed in Chapter 8 and resulted
in these publications:
[57] M. Holtzman, R. Goubran, F. Knoefel, and J. Pereira, “Measurement of
respiratory changes in palliative care,” in Proc. 2012 IEEE Instrumentation
and Measurement Technology Conf. (IMTC 2012), pages 1472–1476 (2012).
M. Holtzman, F. Knoefel, J. Pereira, and R. Goubran, “Unobtrusive Monitoring of Respiratory Variability in Palliative Care: A Small Case Series,” in
Proc. Int. Congress on Palliative Care, 2012, vol. 28, pp. 219–219.
Related publications to enable clinical breathing analysis at home and supported
the work for these contributions included:
[58] V. Joshi, M. Holtzman, A. Arcelus, R. Goubran, and F. Knoefel, “Highly
survivable bed pressure mat remote patient monitoring system for mHealth,” in
Proc. 2012 Ann. Int. Conf. IEEE Engineering in Medicine and Biology Society
(EMBC 2012), pages 268–271 (2012).
[59] D. Townsend, M. Holtzman, R. Goubran, M. Frize, and F. Knoefel. “Relative thresholding with under-mattress pressure sensors to detect central apnea.”
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IEEE Trans. Instrum. Meas. 60(10), 3281–3289. (2011).
[60] D. Townsend, M. Holtzman, R. Goubran, M. Frize, and F. Knoefel. “Effect
of windowing on central apnea detection.” In “Proc. 2010 IEEE Int. Workshop Medical Measurements and Applications (MeMeA 2010),” pages 117–120.
Ottawa, ON (2010).
[61] D. I. Townsend, M. Holtzman, R. Goubran, M. Frize, and F. Knoefel.
“Simulated central apnea detection using the pressure variance.” In “Proc. 2009
Ann. Int. Conf. IEEE Engineering in Medicine and Biology Society (EMBC
2009),” pages 3917–3920 (2009).
[62] A. Arcelus, M. H. Jones, R. Goubran, and F. Knoefel. “Integration of
smart home technologies in a health monitoring system for the elderly.” In
“21st Int. Conf. Advanced Information Networking and Applications Workshops (AINAW 2007),” volume 2, pages 820–825. Niagara Falls, ON, Canada
(2007).

Chapter 2

Background Review
This chapter reviews previous research in the domain of ambient sensing that is
relevant to this thesis work. The first section provides a characterization of the
breathing signals that are the main focus of extraction. Factors involved in ambient
system response are probed in Sec. 2.1, including sensor location and modality. With
this in mind, the signal processing algorithms that have been applied to breathing
signal extraction are scrutinized in Sec 2.2. An overview of clinical applications of
bed-based ambient systems is provided in Sec. 2.3. Finally, the reviewed information
is summarized in Sec. 2.4.

2.1
2.1.1

Factors of System Response
Sensor Location

Fig. 2.1 depicts the possible locations of bed-based ambient sensors. Bed-based
sensors can be embedded in a specialized mattress [14,22,63–65], but separate sensing
sheets or pads offer flexibility of placement and operation with existing furnishings.
Such pads have been placed under the pillow [21, 32, 66, 67], on top of the mattress
[26, 28, 30, 68–70], below the mattress [16, 17, 23, 24, 31, 71], below bed posts [36, 38,
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Figure 2.1: Possible locations of bed-based sensors
39, 41, 42, 72], and even embedded into the bed sheet above the body [73]. Instead
of using the bed itself as the sensing platform, sensors have also been embedded into
fixtures. Doppler systems and microphone sensors can be placed in a convenient spot
in the environment surrounding the bed, such as in the ceiling light fixture [74].
An aspect considered for selecting a sensing location is visibility. For smart home
technology to be accepted, it is important that the system is unobtrusive and private [75–77]. Smart home devices should not only be unobtrusive to users, but be
“undetectable to the casual observer” [77]. Even a bed sensor on top of a mattress
drew comments when it was unconcealed [76]. The optimal positioning for the desired
physiological signal may also influence the sensing location. For instance, sensors may
be placed near the expected chest and abdominal regions of the mattress for respiration analysis, or near the heart for cardiac measurement [26, 28, 30, 68–70]. Strategic
placement is especially important for single sensors or arrays that cover only a small
area. Unless sensors are soft and conformable, they may be uncomfortable to sleep on
above the mattress. Furthermore, routine sheet changes can disrupt sensors placed
on top of a mattress or below pillows. Sensors placed below mattresses avoid these
issues, but signals can be attenuated by the cushioning.
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Studying how this attenuation affects signal availability is relevant. There have
been few explorations of how cushioning thicknesses and types affect signal attenuation. Four types of mattresses were considered by Watanabe and signal to noise
ratios (SNR) were shown to be affected by the types [23]. Exploration of the factors
that cause this variability would be useful.
Not only does the sensor location affect the signal, but the position of the bed
occupant with respect to the sensor may also affect the signal. The effect of posture (e.g., supine, prone, lateral) [23, 28] and sensor positioning [23, 33] have been
considered. An additional effect is signal reversal. In multisensor systems, a subset
of sensor input signals can be reversed with respect to the rest of the inputs: some
signals fall while others are rising and vice versa. Nishida et al. noted that reversals
were common from their bed-based pressure sensors [15]. Breathing signals are established from small weight shifts, but while one sensor is loading, another is unloading.
Reversals are either ignored by the system or must be detected. By ignoring them
and absorbing the mismatch, system performance is degraded in applications that
rely on signal coherency, such as weighted summation of sensor inputs. Methods of
reversal detection are discussed in more detail in Sec. 2.2.3.

2.1.2

Sensor Modality

Physiological signals have been captured by sensors in the environment in a variety of
ways, but most ambient sensing modalities fall broadly into five main categories: pressure systems, Doppler systems, audiovisual systems, thermal systems, and textile electrodes. Pressure systems are generally placed where an individual would exert pressure when they lie, sit, or stand, and have included many modalities of sensors including pneumatic sensors [22,23,31,32,63,67], piezoelectric polymers [24,30,33,73,78,79],
load cells [38,39,41,42,72], force sensitive resistors (FSR) [16–18,21,68,71], hydraulic
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sensors [24, 66, 80], capacitive sensors [14, 69], indentation measurement potentiometers [65], electret films and foils [27,40], optical sensors [28,81], and strain gauges [82].
Doppler sensor modalities, including radio frequency transmitters/receivers [83–88]
and ultrasound sensors [63, 89, 90], are placed with a line of sight to the subject so
that reflected waves capture bodily motion. Audiovisual systems use video [91–93], or
microphones [74]. They are perhaps not as unobtrusive to users with privacy concerns
as other modalities [75]. Thermal systems use temperature, either passively through
thermistors in sheets or infrared sensors mounted under beds or in walls [19,94–97]; or
actively by diffusing infrared light through a mattress and picking it up with a photo
transistor [98]. An infrared camera system [99], is a crossover between an audiovisual
system and a thermal system; the individual sensors are thermal in nature, but it is
the complete “picture” that provides the motion monitoring. Textiles electrodes are
woven into sensing strips or bed sheets [26, 100, 101].
Although theoretical modeling of the sensor for linearization purposes is likely
unique to the specific modality, the manifestation of the physiological signals through
the sensors are often similar and thus the signal processing techniques involved for
breathing signal extraction are comparable. Kortelainen et al. has noted that there
were not any significant differences between using different pressure sensing modalities
[43]. The following section reviews signal processing techniques and highlights areas
of work.

2.2

Ambient Sensor Signal Processing

In Chapter 1, three stages of signal processing for extracting a source signal from ambient arrays were identified: conditioning, characterization, and fusion. Conditioning
removes interference, usually by filtering. Methods of conditioning are usually targeted to specific methods of characterization and fusion. These last two are reviewed
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in Sec. 2.2.3 and Sec. 2.2.4, respectively.

2.2.1

Breathing Effort Signals

Breathing occurs in humans as both quiet, unconscious breathing, called eupnea, and
forced or laboured breathing, called dyspnea [102]. Eupnea employs the muscles of
the diaphragm and intercostals during expiration, with no active muscular contractions during expiration. On the other hand, dyspnea requires accessory inspiratory
and expiratory muscles in addition to the intercostals and diaphragm, such as the
abdominal muscles [102].
Given both of these two breathing types, breathing can be regular, with relatively
stationary breathing amplitudes and intervals between breaths during eupnia; or nonstationary and non-deterministic in shape, amplitude, and interval during dyspnea.
Generally, even during eupnea, there is non-stationary behaviour as central nervous
system reflexes regulate the breathing cycle [103]. Furthermore, speech, sighs, coughs,
and yawns may be interspersed in the breathing, and changes to rate and amplitude
can occur suddenly, particularly where breathing is consciously changed. Signal processing that depends on stationary behaviour may work well enough with regular
breathing, but may be challenged by irregular breathing.

2.2.2

Signal Conditioning

Input sensor signals can be conditioned to enhance the breathing components and
suppress interference. A number of methods of conditioning are available, including
filtering, wavelet transforms, and empirical mode decomposition.
Finite impulse response (FIR) and infinite impulse response (IIR) filtering have
been used by researchers to reduce interference components outside of the spectral
band of interest. FIR filters provide linear phase response, avoiding distortion caused
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by group delay [104]. A narrow respiratory band removes more interference than a
wide one; however, restricting the band to be too narrow may mean missed breathing
signals if the fundamental breathing frequency lies outside of the band.
Wavelets are useful for noise reduction in signals that exhibit non-stationary behaviour. Wavelets can be viewed as a type of low-pass filtering that separates a
signal into low and high frequency components. By recursively repeating this separation on the low frequency component, a multiresolution wavelet decomposition
is formed that a represents orthogonal frequency channels while retaining temporal
information [105]. Some researchers have extracted the breathing signal using the
output of a constant wavelet decomposition scale [73], [106]. However, Niizeki et
al. commented that the waveforms produced were distorted. In that work, this was
not a problem because their aim was “not at measuring accurate waveforms”, but
rather to measure breathing interval [73]. Using more than a single decomposition
scale can produce a more accurate waveform and such a scheme has been used to
reduce baseline drift [107]. However, movement artifact could influence the decision
of which scales to include, ultimately reducing the accuracy of the output waveforms
when movement was present [107].
Empirical mode decomposition (EMD) is another useful tool for nonlinear and
non-stationary signals [108]. Similarly to wavelet analysis, EMD can be viewed as a
multiresolution filter bank [109].

2.2.3

Reversal Detection and Correction

Detecting and correcting the reversals ultimately improves system performance.
When only two sensors are involved, they need only be compared to each other.
When more than two sensors are involved, each sensor is compared to a reference
signal. There also exist related bodies of work for phase reversal detection and correction in electroencepholography (EEG) focal area detection [110] and respiratory
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analysis [111]. Typically, one sensor is chosen from among the sensors to become
the reference [15], [53]. However, the selection of a single reference sensor could be
prone to error during interference. Just as signal fusion produces a more accurate
signal, it may also produce a more accurate reference signal. Sensor fusion for reference signals has been applied by Wang et al. [112], although comparison of fusion to
selection-based methods for reference signal generation has not been addressed.
Once a reference is chosen, the problem of reversal detection in sensor arrays is
conventionally approached as a form of time delay estimation (TDE). Both Wang et
al. [110] and Nishida et al. [15] used cross spectral phase analysis to compare each
sensor to the reference, using the phase component at the frequency with the highest peak in the frequency band of interest. Wang et al. worked with 1024-point fast
Fourier transformed (FFT) data from 5 second segments of EEG signals sampled at
200 Hz, providing a resolution of 0.2 Hz [110]. Absolute phase differences greater
than 100 degrees between the reference and sensor output indicated a reversal [110].
Nishida et al. worked with pressure sensors for breathing fusion. They did not detail
the spectral transform, but did indicate that sensors with phase differences of 0.75π
to 1.25π were considered as reversed, while those with phase differences of −0.25π
to 0.25π were considered as in phase and all other sensors were disregarded [15].
The spectrum of ambient sensors with strong breathing contains a large peak at the
breathing frequency within the 0.1 Hz to 0.8 Hz range, with smaller peaks at harmonics of that frequency, and a possible peak at the heart beat frequency. However,
for signals that have non-stationary periods, the breath peak may be smeared or
there may be multiple peaks. When hampered by low SNR and spectral leakage from
interfering signals, such as drift, the breath peak may be indiscernible.
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2.2.4

Breathing Signal Fusion

When multiple sensors provide a breathing signal, there is a need to combine the inputs from these sensors to produce a single representation of an individual’s breathing.
Homogeneous and Heterogeneous Data
Combining data that comes from the same sensor is a homogeneous fusion, while
combining data from different types of sensors or sources of information is heterogeneous data fusion. This thesis is primarily concerned with homogeneous fusion from
one sensor modality.
Fusion levels
When the goal is to produce information from a group of signals, fusion can occur at
a variety of points in the process: data-level, feature-level, and/or decision-level [113].
Data-level fuses the signals to produce a single time-series representation, feature-level
extracts features from each signal and then fuses the features, and decision-level makes
decisions based on each sensor signal and features extracted from each signal and then
fuses the decisions. Often, if only a single specific aspect of the breathing signal, such
as the respiratory rate or apnea detection, is desired, feature-level fusion may be
appropriate. For example, Beattie et al. detected disordered breathing (apneas and
hypopneas) from six load cells placed below the legs of a six-legged bed by extracting
a set of features from each of the load cell inputs and combining all of these extracted
features using a Bayesian classifier [34, 42]. Respiratory rates may also be extracted
in the same manner. For example, Mack et al. extracted respiratory rate from two
sensing strips placed horizontally across a bed by calculating the rates from each
strip and then averaging the results to produce a single respiratory rate [70]. Another
method of feature-level respiratory rate fusion was introduced by the author of this
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thesis, using clustering and a weighted voting mechanism to fuse the respiration rates
[52]. When more than one aspect of the signal is desired, feature-level fusion would
result in fusion being performed for each desired aspect, unnecessarily increasing the
complexity of the system.
Decision-level fusion would wait until a decision needs to be made to fuse the
results. For example, in diagnosing sleep disturbed breathing, an apnea-hypopnea
index (AHI) larger than a certain threshold provides a decision point for diagnosis.
A decision-level fusion system would detect apneas at each sensor individually and
also determine for each sensor if the AHI surpasses the threshold. Fusion would then
be made on the decisions output from the individual sensors. This type of fusion was
not encountered in reviewing work with bed-based analysis.
Although the breathing signal may be available from the sensors individually
for feature-level fusion, data-level (or signal-level) signal fusion generally improves
measurement accuracy [6]. For this second type of fusion, conditioned signals are
combined to create a single respiration signal from which to evaluate respiratory
information. When more than one respiratory parameter is desired, it may be more
efficient to use a single signal rather than perform fusion operations for every desired
parameter.
Data-level fusion methods in ambient systems have used the linear combining
paradigm. Fig. 2.2 presents linear combining applied to data-level breathing signal
fusion. In this method, sensor signals are conditioned by preprocessing, aligned, multiplied by a gain factor and then summed. Depending on the combining method,
reversal correction is not always necessary. Gains are assumed constant over a short
time period during which the signal itself is assumed to be relatively stationary. Signal
fusion of breathing effort at the data-level can be broadly grouped into three categories of linear combining: sensor selection, weighted summation, and blind source
separation. Linear combining is also used in communication systems for combining
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Figure 2.2: Block diagram of respiratory fusion as linear diversity combining

Figure 2.3: Block diagram of sensor selection as selection combining
signals received over multiple channels and termed linear diversity combining. A classic treatment of linear diversity combining by Brennan describes sensor selection and
weighted summation methods [114], [115].
Sensor Selection Combining
Sensor selection combining represents the breathing effort signal using the input of a
single sensor, chosen from amongst all of the sensors. Fig. 2.3 shows sensor selection
as a linear combining method. For selection combining, all channels are weighted by
0 except for the single channel that has been selected, with a weight of 1. Phase alignment correction is not necessary since no destructive interference will occur during
summation. Let the selected sensor be denoted ks and the individual fitness scores
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be denoted fk :
ks = arg max fk
k

and
gk =





 1



 0

(2.1)

if k = ks
(2.2)
otherwise

Spatial, temporal, and spectral methods of selection have been used. Sensor selection also encompasses systems where the selected sensor is predetermined and inputs
from other sensors are ignored for the purposes of cardiopulmonary monitoring (although they may be used for other purposes), as in [69], [66], and [80].
To select a sensor spatially, Kimura et al. [20] classified the posture of the bed
occupant first and then selected the sensor that was closest to the heart according to
estimates of chest and head positions. However, posture classification before selection
may be more complex than is warranted and errors in classification would impact the
breathing fusion. Temporal methods analyze the fitness of the signals themselves by
examining time-domain characteristics such as the minimum kurtosis [68], maximum
signal amplitude [82] or maximum autocorrelation [116]. Autocorrelation makes use of
the rhythmicity of the signal, which can also be inferred from the frequency spectrum.
Niizeki et al. [73] and Vanderloos et al. [19] both selected the sensor with the highest
total power in the respiratory frequency band, measured using the power spectral
density (PSD) . Signals with strong breathing signals will include a peak in the PSD
which will increase the power in that band.
Although there exists many methods of selecting an appropriate sensor for the
purposes of breathing signal extraction, studies comparing the performance of the
methods have not been made. The methods generally chose one feature for the
selection criteria; hybrids of multiple features have not been examined. Furthermore,
the signal spectrum could provide more information towards selection than just the
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Figure 2.4: Block diagram of sensor summation as equal gain combining
total power in the respiratory band.
Weighted Sensor Summation
Instead of selecting one sensor, a breathing signal can be formed from the inputs of
multiple sensors using a weighted sum of the sensor signals. Summation with equal
weights, either using the sum or an average, is a simple method of fusion called equal
gain combining (EGC) and is depicted in Fig. 2.4. For an EGC combiner, the gains
are all set to the same value over all channels, usually 1. In traditional communication
systems, if all K sensors have the same average SNR, γin , then a K sensor system
increases SNR by a factor 1 + (K − 1)r2 over a single sensor system, where r is a
dimensionless constant 0 < r < 1 and is related to the distribution of SNR [114].
Straight summation has been performed in [15, 17]. The sum of the squared
differences [18] and the sum of absolute differences [21] avoid reversal correction, but
provide two peaks per breath. Even without reversal correction, simple summation
or averaging, may return an adequate breathing signal in some conditions [35].
By more intelligently weighting the sensors, it may be possible to emphasize sensors with strong breathing signals while de-emphasizing those without. Brink et
al. [72] calculated weights using the centre of mass along the longitudinal axis of the
bed. For a person lying straight along the bed on their back or front, this would
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Figure 2.5: Block diagram of blind source separation as linear combining
pick up most of the weight shifts that occur during breathing, since breathing motion
would not be expected to produce much side to side motion. However, an individual
could lay diagonally on the bed, or bent in c-shape on his or her side, in which case
there could be a significant lateral component that would be lost.
An important type of linear diversity combining that has not been applied to
breathing signal fusion is maximal ratio combining (MRC). This method seeks to
improve the SNR of the output signal by taking signal and noise power factors into
account in the gain calculation. Without a priori knowledge of signal characteristics,
it may be difficult to judge signal and noise power. How, and if, this method is
applicable to ambient physiological sensing remains to be investigated.
Blind Source Separation
An approach to finding a more favourable weighting scheme that is indifferent to the
person’s position and posture is blind source separation (BSS). BSS uses the statistical
analysis to separate signal sources and provides K components for K input signals.
Fig. 2.5. Two varieties of BSS have been used for ambient multisensor breathing
signal extraction: principal component analysis (PCA) and independent components
analysis (ICA).
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Kortelainen et al. [43] used singular value decomposition (SVD), a type of PCA, to
blindly separate breathing motion from interference using 160 sensors. SVD returns
the eigenvectors of the covariance matrix of input sensor signals to find the principal
axis of signal variation. For M sensor signals, up to M sets of eigenvector coefficients
can be returned. The original signals multiplied by the coefficient weights form M
output signals that are linearly uncorrelated. Components are generally ordered from
strongest to lowest, so that the component with the strongest variance (or eigenvector
with the largest eigenvalue) is returned first. Breathing motion is the main cause of
motion while a person is still, so the first component usually contains this signal. Since
movement becomes the first component, the procedure was iterated with movement
detection and removal when principal components changed within the epoch. There
is complexity in detecting these changes that was not specifically detailed in [43], such
as choice of window length and detection methodology. Furthermore, iteration may
not be required, since the breathing may in fact already be available in a secondary
or tertiary component of the PCA decomposition. This approach has not yet been
considered.
Uchida et al. performed blind source separation using ICA to extract the respiratory signal from two sensors [67]. ICA assumes each sensor output is formed by
a linear combination of multiple statistically independent and non-Gaussian sources
and separates signals by finding mixtures that minimize the normality of their joint
marginal distributions [117–119]. Independent component analysis outputs as many
sources as sensors [118]. Uchida et al. expected three sources in the signals, namely
noise, breathing, and the BCG, which would make the system underdetermined since
there was not enough sensors for the number of sources [67]. They theorized that the
BCG and the breathing would occupy one component and the noise the other, and
used a lowpass filtering operation to separate the BCG from the breathing.
If ICA is incorporated in a multisensor signal with more than two or three sensors,

32
the problem becomes overdetermined. Consideration of higher numbers of sensors and
the selection of the output component should be investigated. Since ICA does not
provide any ordering to the output sources, selection of the breathing signal from the
two components is required, but this problem was not addressed by Uchida et al.
Non-Linear Fusion Methods
Linear combining methods are investigated in this thesis, but nonlinear techniques
may also offer suitable fusion capability. Non-linear combining techniques usually
transform the signal non-linearly, do linear combining on the transformed signals,
and then inverse transform the result. For example, combining the intrinsic mode
functions of an empirical mode decomposition has been performed to fuse breathing
signals from ambient sensors [78]. Wavelets have been successfully used for multisensor image fusion [120–123] and similar strategies could be tested.
For either wavelet transforms or EMD to work well, without undue signal distortion, methods to select multiple decomposition levels (e.g. scales for wavelets,
and intrinsic mode functions for EMD) for final combining are required. A single
decomposition level may not contain the breathing signal throughout a segment, particularly when the breathing rate changes, switching the breathing signal from one
decomposition level to another partway through the segment. Dai et al. selected decomposition levels based on spectral analysis [78], but spectral analysis is best used
with stationary signals. To exploit the suitability of EMD to non-stationary signals,
selection methods that do not rely on stationary signals would be useful.

2.2.5

Coping with Movement

Movement is the source of interference that is most often cited for causing problems
for breathing analysis [22,33,70,80]. Movement artifact is a common occurrence in bed
based systems, with between 3% and 32.5% of the night reported to be unavailable
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Figure 2.6: Conventional breathing analysis architecture
for monitoring due to movement [22, 23, 43, 66]. Kortelainen et al. noted that it
“varied strongly between subjects” [43] and most results show large inter-subject and
intra-subject ranges of nocturnal movement.
Conventional breathing analysis architecture prioritizes movement detection over
breathing extraction, to squelch breathing fusion and analysis during movements.
Fig. 2.6 displays this architecture. Movement can be detected using preset thresholds [73], [68], but such thresholds must be high enough to allow for strong breathing
signals when transmission to the sensors is strong and low enough to capture movements when transmission is weak. It is possible to capture the largest movements
this way, but sensitivity to limb movements will either be low or the system will
misconstrue strong breathing signals as movement. To remain sensitive to movement
irrespective of signal amplitude, movement detectors can use statistical change detection to look for changes in the sample value distribution that are out of line with
previous segments of data. Control limits and the generalized likelihood ratio (GLR)
are both statistical tests for change detection that have been used for bed-based movement recognition [38, 80, 81, 124]. principal component analysis can also be used to
differentiate movements from breaths since breaths consistently occur along the same
principal axis, while movements differ [43].
Statistical detectors tend to have false positive detections when sudden changes in
breathing depth occur, such as breaths after apnea or single large sighs. For infrequent
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apneas or sighs, the loss of a few seconds of breathing data from a false detection could
perhaps be tolerated. principal component analysis movement analysis may be more
tolerant to sudden large breaths, but could also be similarly affected during apneas
if the principal axis of breathing motion is lost. For subjects with frequent apnea
episodes or breathing depth changes, both of these detector types may excessively
discard breathing samples.
While movement artifact can be detected and rejected, in practice some interference is missed, particularly movements of low amplitude. Additionally, onset and
offset detection mistiming may allow larger artifact to remain [38], [124]. To makes
allowance for onset and offset detection mistiming, short periods before and after
detected movements can also be discarded from analysis. For instance, Zhu et al. [80]
halted breathing signal analysis not just during detected movement, but also 2.5 seconds before and after the detected movement. Mack et al. ignored full epochs if any
movement occurred during the epoch [70]. Both of these approaches are effective
at reducing mistiming problems, but worsen the problem of data loss due to false
detections. Furthermore, Mack et al. found that many epochs with apnea were discarded due to the movement from arousals after apneas. To reduce false detections,
sensitivity can be decreased, but this would result in further movement artifact in the
breathing signals.
Assuming that there is undetected movement artifact that remains in a signal, it
is important that a fusion process remain unaffected by this movement during the
uncorrupted portion of a breathing segment. It would be useful to examine the impact
of movement remaining in the breathing signal during fusion.
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2.3

Clinical Applications of Bed-Based Sensing

There are relatively few clinical studies of bed-based ambient systems, with most
research still focussing on laboratory studies with healthy participants. Reviewed here
are the clinical studies that have been executed and their field of clinical application.
The most obvious application for bed-based sensing is in the analysis of sleep, and
most bed-based systems are aimed towards augmenting in-laboratory polysomnography or screening individuals for polysomnography from the comfort of their own beds.
Such research is both relevant and useful. Sleep disorders are a major complaint of
middle-aged and older adults, affecting a steady 20% of the population in all age
cohorts over 45 years old [125].
Clinical experiments have investigated sleep architecture by extracting sleep timing parameters such as bed time and rise time [39, 95], classifying sleep/wake segments [37, 126], and sleep staging of random eye movement (REM) versus non-REM
(NREM) sleep [31,40,127,128]. Sleep disordered breathing has been identified through
detecting obstructive apnea, hypopneas, and central apneas. [34, 42, 129, 130]. Finally periodic leg movements have been detected for screening of restless leg syndrome [38, 131, 132]. While many clinical experiments have been done with sleep,
they have been all performed in a laboratory setting and have yet to proceed into the
home environment.
Bed-based systems have also been used for rehabilitation. Sit-to-stand transfers
of patients following a hip fracture or stroke have been analyzed [133, 134]. Patients
have also been monitored after a heart attack to see that they are getting proper bed
rest and evaluate the progression of their movements in bed [96].
There are likely many medical fields that could benefit from ambient monitoring.
Given that only two clinical domains of sleep medicine and rehabilitation have been
trialed so far, the clinical applications of bed-based ambient systems have yet to
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scratch the surface of their potential.

2.4

Summary

Ambient sensors have been put in a variety of locations on, under, and around beds.
How the environmental conditions dictated by these locations, impact the quality of
signal extraction and the feasibility of obtaining the signal has not yet been addressed.
Few comparisons between methods for fusing ambient signals have been made.
Components of the signal processing architecture could be isolated to determine how
ambient conditions affect the processing stages. Signal alignment is a pre-conditioning
step for a number of linear combining methods. In bed-based systems, correcting polarity reversals between sensor signals is the most important type of signal alignment,
but has never been separately analyzed. Whether reversal detection could be improved by directly examining the rising and falling of the signals, rather than by
oblique temporal and spectral methods of time delay analysis, is ripe for research.
Three categories of fusion methods were identified: selection combining, weighted
summation, and blind source separation. There are open questions for each of these
methods.
Selection combining: Can selection performance be improved by using more spectral information?
Weighted summation: Can MRC be applied to the linear combining of ambient
signals, without a priori knowledge of signal characteristics?
Blind source separation Can ICA be applied when using more than two sensors,
and how can the correct output component be selected in ICA or PCA?
Furthermore, comparing these methods to see how ambient conditions affect their
efficacy has yet to be explored.
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Bed-based ambient systems have understandably focused on sleep monitoring, but
other fields of medicine may also benefit from their application. In clinical care and
home settings, ambient signal processing must be robust to irregular breathing and
interference, and particularly motion.
The rest of this thesis explores these open research questions. Chapter 3 sets up
the experiments and simulations that provide data for analysis in subsequent chapters.
Chapter 4 explores environmental and sensor characterization, Chapter 5 focuses on
reversal detection, Chapter 6 addresses signal fusion, and Chapter 7 considers adding
context awareness to signal fusion. Applications of the bed-based sensing system are
considered in Chapter 8, where the methods developed in the preceding chapters are
then applied to clinical data.

Chapter 3

Experimental Setup and Data Collection
This chapter details the technology and general setup for data collection. It also
develops a body of data for use in testing breathing signal extraction algorithms
presented in later chapters. Two experiments with real participants were performed
and detailed here. From the collected data, new data sets were created for specific
scenarios of use. Basic usage sets included sets with clean respiration and posture
information, sets with noisy respiration signals, and sets with a reduced number
of sensors. Sets for testing irregular breathing and movement scenarios were also
developed. Finally, the performance measures that are used in subsequent chapters
for the evaluation of extracted respiratory signal quality are described.

3.1

Sensor Technology

3.1.1

Pressure Sensor Mats

The pressure sensor arrays used in all experiments were S4 Sensors Inc.’s (Victoria,
B.C.) “Bed Occupancy Sensors” (BOS). These arrays contain 24 pressure sensors in
a 90 cm by 24 cm package that is less than 1 cm thick. The actual sensorized area is
82 cm x 24 cm; the remaining 8 cm x 24 cm strip contains the electronics for analog
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to digital conversion, sampling, and transmitting the sensor data. Fig. 3.1 depicts
the sensor mat.

Figure 3.1: S4 Sensors BOS mat

KinotexTM Pressure Sensors
KinotexTM sensors populate the S4 Sensor’s pressure sensor array. Their use in medical
literature includes evaluation of body pressure towards pressure ulcer prevention [135],
and to determine optimal postural support of a person in a wheelchair [136]. The
BOSTM sensor mat is comprised of 24 KinotexTM sensors. KinotexTM pressure sensors
are subject to the same problems as other pressure sensors: non-linearity, hysteresis,
temperature dependence, and time-variance [137]. For example, one study recorded
0.9% creep during the third minute of a trial, and 30% hysteresis [138]

3.1.2

Braebon Respibands

The Braebon respiband system is made up of two respiratory inductance plethysmography (RIP) sensor belts, worn around the abdomen and the chest, and the Q-RIP
interface box. RIP belts outputs are linearly proportional to the cross section of the
thorax inside the loop [139]. The leads from the two belts plug into the Q-RIP interface box which provides filtering and amplification of the signals, providing a 0 to 1
V output with a mean of 0.5 V.
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To sample these bands, the Braebon outputs were connected to a LabJack Corp.
(Lakewood, CO, USA) U12 data acquisition device for analog to digital conversion
and sampling. Data samples were input to a laptop from the LabJack device through
a universal serial bus (USB). Fig. 3.2 presents a pictorial of the components in the
respiband acquisition system.

Figure 3.2: Respiband setup: band, interface box, and data acquisition board

3.2

Data Acquisition and Analysis Software

The software required during data acquisition and analysis included commercial software and software written by the author. The main platform for data conversion and
analysis of recorded data was MATLAB (MathWorks), Version 7.8.0.347 (R2009a).

3.2.1

Acquisition and Data Conversion

Input from the sensors through their respective interface boxes were through serial
or USB ports and controlled by commercial software specific to the interface box. All
data acquisition software ran on the Microsoft Windows operating system (NT and
XP).
S4 Sensors Inc’s proprietary software controlled the pressure sensors and collected
the 11-bit, 10 Hz sampled data from the COM ports. The samples from all of the
sensors on a single sensor mat were recorded by this software to comma separated
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values (CSV) files that included a timestamp for every sample. DAQFactory Express (Azeotech Inc., Ashland, OR, USA) software configured and collected Braebon
respiband data to CSV files from the LabJack interface box, also with timestamps.
The bands were configured to be sampled at 20 Hz (Multi-mattress experiment) and
100 Hz (Multi-participant experiment).
Software was written by the author in C to capture annotations during experiments. The software saved each annotation, along with a timestamp, to a CSV
file. After data acquisition, the various CSV files from sensors and annotations were
aligned according to the timestamps. The respiband data were resampled to match
the sample times from the sensor mat as closely as possible. Pressure sensor data
from multiple mats were merged, and the merged files were converted to binary files
in MATLAB format.

3.3

Experimental Data

Two experiments were run to collect data for testing with the methods throughout the
thesis. These two experiments are described here. Other experiments were pertinent
to a single chapter and are described in the relevant chapter.

3.3.1

Ethics Approval

Ethics approval for all experiments in this work is covered by three ethics clearances,
under two separate research ethics boards (REB). The first is with the Carleton University Research Ethics Board and the second is Bruyère Continuing Care Research
Ethics Board. At Carleton, approval was granted for an application entitled “Presence, weight, and activity monitoring using a pressure pad”. This approval covers
the first two experiments, which were conducted on campus in the DSP research
laboratory. It also provides for secondary data analysis of data collected under the
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Figure 3.3: Components in the multi-mattress experiment
Bruyère Continuing Care REB clearance. The Bruyère Continuing Care Research
Ethics Board, granted approval to two applications, entitled “Pilot Study Bed Sensor
Array: Can it Provide Clinically Relevant Data in Palliative Care?” and “The Use of
Pressure-Sensitive Mat Technology to Monitor Palliative Care Patients.” These two
approvals cover data recorded at Elisabeth Bruyère Hospital’s Palliative Care Ward
for experiments run in Chapter 8.

3.3.2

Multi-mattress Experiment

This experiment was aimed at comparing the effect of mattress type and thickness
on output and validating algorithms across mattress types. This experiment was
co-investigated with Daphne Townsend.
Fig. 3.3 depicts the multi-mattress experiment and the three categories of mattresses tested: foam, coil, and futon. Nine mattresses were tested with thicknesses
ranging from 15 cm - 35 cm. Table 3.1 details these mattresses. Two pressure sensor
mats were placed in the bed. One was placed above the mattress and the second
was placed underneath the mattress, directly below the first. They were placed in a
longitudinal orientation and centered below the pillow.
A single primary healthy control participant, a female researcher, wore two
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Table 3.1: Multi-mattress experiment: Mattress types and thicknesses
Description

Type

Mattress

Pillow-top

Total

(cm)

(cm)

(cm)

1

deluxe

coil

23.0

12.0

35.0

2

superior

coil

18.0

15.0

33.0

3

mid-range

coil

18.0

5.0

23.0

4

economical

coil

18.0

0.0

18.0

5

foam

foam

15.2

0.0

15.2

6

foam cushions

foam

15.2

0.0

15.2

7

sofa bed

foam

15.2

0.0

15.2

8

institutional

foam

15.2

5.0

20.2

9

futon

futon

15.2

0.0

15.2

respibands across the abdomen and chest during this experiment. The participant
had a weight of 49 kg (107 lbs), and a height of 162 cm (5’4”). She followed a script
of five actions: thirty seconds of deep breathing, thirty seconds of shallow breathing,
a 10-20 second simulated apnea, an arm movement, and three leg twitches. Before
and after every action, at least thirty seconds of quiet breathing was established. The
script was performed once for each of three postures: supine, prone, and lateral (left
or right). The full script, including all postures, lasted around 20 minutes.

3.3.3

Multi-Participant Experiment

This experiment was aimed at acquiring data for validation of algorithms in healthy
populations. Fig. 3.4 depicts this experiment. A single institutional mattress on
a low platform was used for this experiment. This mattress did not appear in the
multi-mattress experiment. Two sensor mats were placed side-by-side, longitudinally
below the mattress, centered below the pillow area for a total of 48 under-mattress
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Figure 3.4: Components of the multi-participant experiment
Table 3.2: Multi-participant experiment: Participant information
ID

Set

Gender

Age

Weight

Height

(M/F)

(years)

(kg)

(cm)

P02

Train

Male

33

76

170

P23

Train

Female

27

48

162

P44

Train

Male

32

90

172

P49

Validate

Female

27

64

170

P61

Validate

Male

27

95

180

P82

Validate

Female

31

62

162

P89

Validate

Female

24

63

162

P95

Validate

Female

30

66

170

All

3T/5V

5F/3M

28.9±3.1

70.7±15.7

168.9±6.2

sensors.
Eight healthy participants wore respibands around their abdomen and thorax
while performing a list of manoeuvres on the mattress with pressure sensors located
below. Table 3.2 describes the participants, who were identified by a random two
digit identification number and assigned to either a training (first three participants)
or validation set (last five participants).
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Participants were requested to follow a script of breathing motions and muscular
movements with two minutes of quiet breathing before and after each item. The
script was: thirty seconds of deep breathing, thirty seconds of shallow breathing,
move head, move head back, move arm, move arm back, move leg, move leg back,
three leg twitches 10-15 seconds apart. and thirty seconds of simulated disordered
breathing. The script was performed for each of four postures, with posture order
selected by the participant: supine, prone, lateral left and lateral right. Once all
four postures were completed, the participants were asked to lie quietly on the bed in
postures of their choosing for the remainder of a two hour session. This last portion
usually lasted around 20 minutes. During the experiment, a researcher annotated all
movements and breathing patterns that were seen.

3.3.4

Experimental Data Sets

A number of data sets were extracted from the recordings made during the multipleparticipant experiment. Fig. 3.5 depicts the data sets that were created. To create
data sets, all of the recordings from the experiment were segmented into 30 second
epochs. The epochs overlapped by 27.5 seconds, with 2.5 seconds (25 samples) between the start of each epoch. This interval was chosen so that every epoch advanced
by approximately half of a breath. 18 123 epochs were established in the complete
base set. 1470 epochs (8%) were discarded since they either did not include any time
in bed or did not have valid respiband data.
Training, Movement, and Disordered Breathing Sets
The first three participants were assigned to comprise the training set data for a total
of 6937 epochs. The intent of this set was parameter optimization and/or supervised
learning. Furthermore, from training set, breathing and movement-infected breathing
sets were created.
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Figure 3.5: Data sets extracted from participant data
Movement annotations were used to split the training set data into 1308 epochs
containing movement (18.9%), 5624 epochs with valid respiband data and no movement (72.0 %), and a handful of discarded epochs due to unknown participant state.
The valid epochs with no movement comprised the breathing set. This set was
further subdivided into clean and disordered sets. The clean set held epochs that
contained only one type of breathing (regular, deep, or shallow) with 5035 epochs.
Epochs in which breathing changed between regular and deep or shallow, and those
in which disordered breathing was attempted by the participant, were assigned to the
disordered set with 688 epochs.
Corrupted Sets
The clean respiration set with 5035 epochs introduced in the previous section, Section
3.3.4 was used to create simulated corrupted sets, to test basic ambient challenges
of interference and reduced sensor availability. Fig. 3.6 depicts the three sets that
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were created by artificial corruption of these clean epochs. Details of each of these

Figure 3.6: Data sets created by artificial corruption of clean respiratory epochs
corruptions follow.
To model reduced availability of breathing signals, Nk of K sensors were randomly chosen to be kept, while replacing the other K − Nk sensors with a dummy
AWGN noise signal.

Note that the total number of sensors is kept constant,

but the number of active sensors is reduced. Nk was varied in 10 steps (Nk =
[1, 2, 3, 5, 7, 12, 15, 20, 30, 48]) and a total of 50 350 epochs (5035 clean epochs x 10
Nk ) were created in the set.
To test the effect of interference, two corrupted data sets were created, noise
and drift. The first set modeled reduced signal power with respect to noise power
by adding additive white Gaussian noise (AWGN) to the epoch in proportion to
each sensor’s original standard deviation to provide a desired signal to noise ratio
(SNR). Seven SNR were targeted (SNR = [−22, −20, −17, −14, −10, 0, 10] dB), so
that a total of 35 245 epochs (5035 clean epochs x 7 SNR levels) were created in
the set. The second set introduced drift into the epochs by adding AWGN that
was lowpass filtered with cutoff frequency 0.07 Hz, scaled in ratio to the variance
of each sensor signal, forming a signal to drift ratio (SDR). The lowpass filter was
a 256th order finite impulse response (FIR) filter with a cutoff frequency of 0.08
Hz, designed using the window method with a Hamming window. Eight SDR ratios
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(SDR = [0.010.10.51241050] dB) were created for a total of 40 280 epochs (5035 clean
epochs x 8 SDR) in the set.
Validation Set
To validate algorithms that may have been tuned using the previously described test
sets, a validation set was created from the data of the remaining five participants of
the multi-participant study. As would occur in real-world usage, movement was not
recorded from the manual annotations, but was instead automatically detected using a
movement detection algorithm based on control limits, detecting movement when data
points in a sliding window go outside of the mean ± three standard deviations [124].
The raw data with the movement detections were segmented into epochs as described
previously in Sec. 3.3.4. 11 186 epochs comprised this set.

3.4

Evaluation of Fused Respiratory Signals

Respiratory signals are compared with respiband outputs in many sections of this
thesis, notably in chapters 5, 6, and 7. In this work, the sum of the two RIP bands
is used as the reference for relative breathing effort measurement. The sum of two
RIP bands placed around the chest and abdomen was most similar to a gold standard
pneumotachometer when compared to inductance plethysmography (IP) or a single
respiband signal [140], Tidal volume can be accurately estimated using RIP sensors
when properly calibrated in a controlled setting [141], [142], but accuracy decreases after positions changes [143], [144], so they are best used as semi-quantitative measures
for tidal volume measurements [143]. Although RIP bands are alternative (but not
recommended) sensors for airflow, calibrated or uncalibrated dual thorocoabdominal
RIP belts are recommended for respiratory effort monitoring in sleep medicine [145].
Furthermore, they are preferred over piezoelectric or polyvinylidene fluoride (PVDF)
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belts for their documented ability to detect subtle respiratory effort [145].

3.4.1

Comparison to Respiband Signals

Output respiration signals and the respiband sum were post-processed similarly. First,
segments between muscular movements were detrended and segments with movement
were set to 0. Movement occurrence was assigned according to the annotation files
for the test data, and according to detected movements for the validation set. Then,
the signals were filtered with a 128th FIR lowpass filter with cutoff frequency 0.8
Hz, designed using the window method with a Hamming window. Edge effects from
filtering were reduced by mirroring the first and last 128 samples of the 300 sample
epoch before filtering and cropping to length once filtered.
To assess the quality of the output breathing signals, comparisons were made between the algorithmic output and the respiband standard using Pearson’s correlation
coefficient [146], denoted r. This coefficient provides a number in the range [−1, 1]
and represents the strength of a linear relationship between the outputs of the proposed combiner and the respiband sum. A correlation of 1 indicates perfect increasing
linear relation, -1 a decreasing linear relation, and numbers close to 0 indicate no linear relation. The strength of the relationship, but not the direction, is important in
this case, so the absolute value of the correlation was used, |r|. This is akin to aligning reversals prior to comparison. Furthermore, a small phase difference can exist
between the breathing signals from the respibands and the pressure sensors, so the
two signals were first realigned, to a maximum of 2.5 seconds, using cross-correlation.
Along with the correlation coefficient, the percentages of r > 0.7 are reported to
provide an interpretation of the percentage of acceptable signals. While the 0.7 value
is not an intrinsic cutoff, it provides signals with a coefficient of determination of
r2 > 0.49, so that generally half of the variation can be explained by the breathing
signal.
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Pearson’s correlation coefficient is a biased estimator of correlation, tending to
slightly underestimate actual correlation due to a variance dependent on r [147].
To reduce the effect of variance dependent on r, the Fisher transformation is often
applied [147–149]. The idea is to transform the data to a domain where the variance
is not dependent on r, calculate the desired statistic in the transformed domain, and
then remap the interval to the regular domain using the inverse transform. While
this method is useful for constructing confidence intervals with appropriately smaller
upper intervals than lower intervals [147], it tends to overestimate bias correction when
combining multiple correlation coefficients. Simple averaging without transformation
is more accurate [150].
¯ were calculated following simple averaging.
In this work, mean correlations, |r|,
Plots involving mean values show confidence intervals using error bars. Confidence
¯ at the 95% level (CI(|r|)
¯ 95 ) were constructed using the one sample t
intervals of |r|
confidence interval [149].
¯ 100(1−α) = (clow , chigh )
CI(|r|)

¯ + tα/2,N −1 √s )
¯ − tα/2,N −1 √s , |r|
= (|r|
e
e
Ne
Ne

(3.1)
(3.2)

For these intervals, s is the sample standard deviation, calculated from the square
root of the variance of the Ne samples of |r|. tα/2,Ne −1 denotes the t distribution, with
α/2 = 0.025 for the 95% level. The t confidence interval requires a normal distribution
¯ which is provided by appealing to the Central Limit Theorem [149].
for |r|,
Since the Central Limit Theorem is only applicable when the available number
¯ 95 was used
of data points is sufficiently large, a second method of calculating CI(|r|)
when the available number of epochs Ne was low. For Ne < 30, bootstrap confidence
intervals could be obtained using the MATLAB function bootci with 100 bootstrap
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samples. However, there were few calls to this method, as analyses that were performed in this work usually included more than 30 samples.
Significance of the results are tested using both paired and unpaired Student’s t
tests with a confidence level of 95%. When looking for improvements in the results
for new algorithms over other algorithms, right tailed tests are performed. In some
instances, multiple t tests are performed to compare a method to multiple other methods. In such instances, the multiple comparison problem arises and the probability
of committing at least on type I error by rejecting the null hypothesis when there
is actually no difference in the mean rises. While there are methods to reduce this
chance, usually by increased stringency in the confidence level necessary to reject the
null hypothesis, it is suggested that these methods are not consistent and that the
original t test is still the most powerful test [151]. In this thesis, no adjustment to
the confidence level will be made for multiple comparisons, but p-values greater than
0.001 will be specified to provide information on the strength of evidence for rejecting
a null hypothesis.

3.4.2

Comparison to Respiband Respiratory Rates

A secondary test to breathing quality analysis may also be applied by evaluating
the impact of the extracted breathing signal quality on respiratory rate estimation.
Respiratory rate was estimated from the average breathing interval as the reciprocal
of the average breathing interval and multiplied by 60 to provide breaths per minute
(BPM). To estimate the average breathing interval, individual breaths were detected
and then the lengths of the intervals between detected breaths were measured in
seconds. Intervals during which movement artifact occurred were discarded and the
remaining intervals were averaged.
Breath detection followed a method proposed by Wilks et al. [152]. This method
uses the beginning of upward and downward trends in the data to detect the breaths,
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eliminating those that do not alternate between upward and downward. A one second
refractory period was also applied.
Power spectral methods for respiratory rate estimation, using the location of the
fundamental frequency in the power spectrum, were also considered. However, benchtop testing revealed that the detection and interval method described above provided
better agreement, particularly when there was movement in the epoch.
Rate estimation was applied to both the respiband signals and the output fused
signals. Rate error was computed as the absolute difference between the two rate
measurements. Also documented were: the availability of the respiratory rate (i.e. at
least two breaths were detectable in the signal) expressed on a percentage basis, the
mean absolute rate difference in BPM, the median and mean absolute errors expressed
as a percentage of the breathing rate, and the percentage of rate estimations with
absolute difference less than 1 BPM. Bland-Altman plots [153] to compare the two
respiratory rate estimates were also useful in analysis.

Chapter 4

Characterization of System Response
This chapter explores characterizing system response towards assessing feasibility
of signal extraction and linearizing its response. Ambient systems in homes will
encounter a variety of furnishings and layouts. The unknown signal dampening that
can exist between the sensor and the individual to be monitored may attenuate signals
appreciably. This is explored in Sec. 4.2.
The material presented in Sec. 4.2 appeared in [49]. The work presented for array
linearization (Sec. 4.3) was part of a larger work examining estimating contact force
and location along grab bars. The work was included in three publications [47,48,50].

4.1

Introduction

Previous research studies using pressure sensors to monitor physiological signs, such
as breathing and heart rate, have often been in controlled laboratory or institutional
settings. The effects of diverse living environments, where unobtrusiveness is achieved
by embedding pressure sensors inside or below furniture, has yet to be explored. The
following section quantitatively examines signals from sensors placed below a variety
of mattress types and compares the response to signals from sensors placed on top of
the mattress. Both available respiratory power and cardiac power are assessed.
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Not only does the environment in which sensors are placed affect response, but the
sensor array itself plays a role. In Sec. 4.3, non-linear sensor response as well as nonuniform spatial response is explored. To this end, a theoretical model is proposed and
applied to the specific sensors used for experimentation in this thesis. A calibration
method, using this theoretical model, is then proposed for sensor arrays featuring
non-linear and non-uniform spatial response.

4.2

Experiment #1: Environmental Response of
Unknown Signal Dampening

Data from the multi-mattress experiment, detailed in Sec. 3.3.2, was used in this
experiment. The data was segmented by type of motion present into muscular movement segments respiration segments, and ballistocardiogram (BCG) segments. These
last occurred during simulated apneas, when the cardiac signal was not overwhelmed
by the respiration signal.
Signal powers of respiration and BCG segments were calculated according to the
unbiased sample variance of each sensor signal during the segment:

P =

N −1
1 ∑
|x(i) − x̄|2 ,
N − 1 i=0

(4.1)

where x(i) is the sensor signal at the ith sample of the N samples in the segment,
and x̄ is the mean value over all x(i).
The signal power loss due to attenuation was calculated. For each segment, a
reference signal containing the strongest signal amongst all the sensor signals from
above the mattress was chosen. Similarly, a reference signal was chosen from below
the mattress. The average fraction of power available from the bottom reference
signal with respect to the top reference signal was calculated as the mean power loss,
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Figure 4.1: Ten seconds of typical respiratory and cardiac signals recorded from
above and below the deluxe mattress
L across all S segments. L is measured in decibels:
S−1
1 ∑ max(Pabove )
).
L = 10 log(
S s=0 max(Pbelow )

(4.2)

To compare power loss discounting the mattress thickness tm , the power loss per
centimetre of thickness was calculated as:

L̄cm =

L
.
tm

(4.3)

The number of sensors from which the physiological signals were detectable also
sheds light on the availability of these signals. The signals were defined as available
when the signal power was greater than the noise power. Noise power was determined
for each sensor from the variance of the sensor signals prior to loading.

4.2.1

Results

While the respiratory and cardiac signals were available under the mattress, their
signal powers were attenuated. Typical respiratory signals and BCG signals sensed
above and below a mattress are compared in Fig. 4.1. Fig. 4.2 plots the power loss
L as a function of the thickness of the mattresses and the power loss per centimetre
of thickness of the component materials. As mattress size increases, generally more
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Figure 4.3: Boxplot representing the percentage of sensors with physiological signals
above and below the mattress (RA = respiration above, CA = cardiac above, RB =
respiration below, CB = cardiac below)
power is lost, although there are outliers, which may be due to the mattress construction and its component material(s). After normalizing for thickness, the futon
showed the highest power loss per centimetre of thickness, with foam and coil both
near a median of 0.7 dB/cm, but futon at 0.8 dB/cm.
The mattress distributed the load to more sensors. However, the signal loss due to
the mattress overrode the load distribution effect. Fig. 4.3 shows a dramatic drop in
the number of sensors reporting physiological signals below the mattress. On average,
69% ± 12% of the sensors detected the respiratory signal above the mattress, and 22%
± 10% below. In all instances, at least two sensors detected the respiratory signal.
Chen et al. [33] reported a wide range of positive predictivity on detected breaths
76% - 99% when a differential pressure sensor was positioned in varying locations
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under a mattress of unreported type. The results here show much lower breathing
signal availability, but the sensors here detect pressure over a smaller spatial area.
The BCG was available from at least one sensor for all mattresses and postures
from above the mattress, and in 97% of cases from below. This compares closely with
the over 97% positive predictivity reported by Chen et al. [33].

4.2.2

Discussion

Sensors placed below a mattress rather than above are less obtrusive, while retaining
the potential for physiological signal monitoring. However, the signals can be heavily
muted and may feature less distinct localized behaviour. More sophisticated signal
processing algorithms may be necessary to cope with the lower signal to noise ratios
than would be required from sensors located above the mattress.
The futon, which had the lowest signal transmission, represents the most dense
of the mattress types. Watanabe et al. [23] also reported the lowest signal to noise
ratios from a futon compared to three other mattress types. It is likely that the
available power was not only affected by the thickness, but also the density of the
material of the mattress. A model of signal transmission that includes both material
and thickness could be useful to determining if a given mattress would be unable to
reliably transmit the physiological signals.
Cardiac signal availability was assessed by the existence of a peak in the relevant
spectral band. With this metric, it is possible that the system overestimates the
availability of the cardiac signal, since small unconscious movements made during
apneas would lead to over-estimating the cardiac signal power.
When multiple sensors are used, not only does each sensor detect differing breathing amplitudes, but also the number of sensors exposed to the breathing signal varies.
An ambient system must cope with low levels of captured breathing signal power compared to noise power and a varying numbers of sensors with detectable signals.

Actual Response

Ideal Response
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Figure 4.4: Ideal response of sensors in an array (top) and response of actual sensors
in non-uniform pressure sensor array (bottom)

4.3

Characterization of Non-Uniform Sensor Array Response

In an array configuration, spatial response differences between sensors play a role
in system response. Ideally, normalized sensor response in an array is spatially uniform from sensor to sensor, with distinct overlap and uniform gain [154]. However,
membrane deformation, sensor manufacturing variability, wear and tear, or other
conditions may contribute to a non-uniform spatial response. Fig. 4.4 depicts the
spatial impulse response from an idealized array in the top plot, while the bottom
plot depicts the response from an array with non-uniform spatial response, differing
gain responses to the same applied force, increased sensitivity some locations, and
edge effects. In this type of array, small displacements of weight can affect force estimates. Indeed, such spatial dependencies have been observed before from pressure
sensor arrays [155], [156].
A theoretical non-linear model of the sensor is created to characterize the sensor
response in the following section. Using this theoretical model, non-uniform spatial
response is addressed in Sec. 4.3.2.
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Figure 4.5: The KinotexTM Sensor

4.3.1

A Theoretical Model for KinotexTM Sensors

The KinotexTM sensors introduced in Sec. 3.1.1 have a very non-linear response. This
response can be modeled theoretically by examining the materials and physics of the
sensor.
Fig. 4.5 presents a cutaway view of a Kinotex sensor. In this sensor, a transmitting
optical fibre introduces light into a foam medium. Some of this light is transmitted
through the foam, while the rest is scattered and reflected. A second receiving fibre,
placed directly next to the transmitting fibre, receives the reflected light and returns
it to a photodiode for conversion into voltage. As the foam is compressed, its density
increases, decreasing the transmittance and increasing the amount of reflected light.
The same principle that is used by the KinotexTM sensor has been used in industrial
processes to accurately measure foam thickness [157]. When light shines through a
uniform foam medium, the intensity of light that is transmitted through the medium
can be expressed by Lambert’s Law:
I = I0 (e−αtf ),

(4.4)

where α is the absorption coefficient, tf is the foam thickness, and I0 is the intensity
of the light applied to the foam.
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For the KinotexTM sensor, reflected rather than transmitted light is measured, but
a similar model can be applied. If all of the light that is not transmitted is reflected,
the response, under pressure, is the full original light intensity minus the transmitted
light:
¯

I = I0 (1 − e−αtf ).

(4.5)

Here, thickness is replaced by the normalized foam thickness, referenced from the
initial thickness, t0 , and new thickness tf : t¯f = tf /t0 . Pressure affects normalized
foam thickness according to [158]:
tf
= (1 − r)e−ac p + r,
t0

(4.6)

where r is the foam’s compressibility factor, ac is the foam’s compliance factor, and
p is the applied pressure.
By substituting the normalized thickness from (4.6) into (4.5) and collecting constants into new constant factors, the equation relating input pressure to output voltage can be reduced to:
ln[x0 − x] = c1 e−c3 p + c2 ,

(4.7)

where c1 , c2 , and c3 are unknown constants, voltage outputs x are proportional to
light intensities I, and x0 is the zero-value voltage. A value for y0 = 2.8V was set from
the maximum output voltage that occurred across numerous sensors. For a contact
area A that is small and constant, f = pA, and force can be substituted for pressure
in the model, with the constant c3 absorbing A.
To linearize the sensor response, the inverse model of 4.7 can be applied to the inputs from the sensors. This inverse model is a strictly increasing continuous nonlinear
function:
1
ln[x0 − x] − c2
fˆ′ = p−1 (x) = − ln(
).
c3
c1

(4.8)
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(a) Linearization architecture

(b) Training the ANN with modeled data

Figure 4.6: Block diagrams of linearization through modeled calibration data
To fit the forward model, a set of constants was determined for each sensor individually at the given location of applied force. This provided a non-linear model curve for
each sensor and location and the constants for this curve were saved in a lookup table.
Using the curves, artifical calibration data can be created by pairing points along the
curve. To find the constants, calibration data was fit to (4.7) using a nonlinear curve
fitting routine. MATLAB’s fminsearch function performs multidimensional nonlinear
minimization, and was used to find c3 . Once the best fit for this constant was found,
the other constants were found through least squares optimization.

4.3.2

Method: Calibrating with Non-Uniform Spatial Response

The problem of estimating applied force from the pressure sensor signals is examined.
Fig. 4.6 presents a block diagram of force estimation from an array with both nonuniform spatial response and non-linear sensor response.
The pressure sensor array consists of multiple pressure sensors positioned far
enough apart so that loads are expected to be exerted between sensor elements or
covering just one element, while individual sensors may respond to forces applied a
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number of sensors away. The sensors convert the applied force to a voltage. Modeling conversion of known forces into voltages is considered the forward model. To
estimate the force applied to the sensor array, it was necessary to create an inverse
model of the array response. By using this model, acquired voltages were converted
back to applied force. Artificial neural networks (ANN) have been used to linearize
pressure sensors affected by both the intrinsic non-linear response and a second source
of non-linearity [159]. While the second source of non-linearity was temperature in
that method, here it was applied to the spatial response by providing the location as
an input to the ANN. Furthermore, the ANN can be used to fuse the results from
an array of sensors to estimate the applied force by also using all of the array inputs. Normalized sensor values were input to an ANN, along with the location of
application, and the ANN computed the estimated applied force.
An ANN must be trained first with known input and output tuples. These tuples
need to cover the full range of expected force and location estimates. This can be
done by taking a large number of calibration points, over many force and location
pairs. However, as this type of calibration is time consuming, fewer calibration points
were obtained for the training set. Synthetic data was created between these points
through interpolation of the theoretical model to augment the set. Constants were
fit to the calibration data to form the model and then modeled data was input to the
ANN for training. Fig. 4.6b shows this training.
Interpolating the training data can be done between the weight values or across
the locations. Splining across the location values was first trialed, but tended to make
the ANN worse at predicting force than if only the few calibration points were used
to train the ANN. Instead, the developed optical pressure sensor model was used
to interpolate data points across the force values. A forward model was fitted to
each sensor output at each of the locations given by the basic set and the model is
sampled at regular intervals of force to determine the expected output of the sensor
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(a) Top View

(b) Cutaway View

Figure 4.7: Top and cutaway views of the array
under these forces. It contained more unique forces than the basic set, but at the
same locations.

4.4

Experiment

#2:

Linearization

of

Non-

Uniform Sensor Arrays
To assess the calibration methods, a non-uniform one-dimensional array of optical
pressure sensors was formed and installed across a metal bar. Calibration and test
set data were collected from the array and developed methods were used to linearize
the response.
Three KinotexT M sensors, 0.9cm in diameter, were embedded in polyurethane
foam and affixed to the top side of a metal bar. The length of the bar was 21 cm
and the sensors were placed at 5 cm, 11 cm and 17 cm. The array and bar were then
covered in a sheet of semi-rigid plastic, such that the force applied at any location
along the bar would activate at least one neighbouring sensor in the array. Fig. 4.7
presents a diagram of the array on the bar.
Calibration data was acquired by using known weights hung from a 1cm-wide
ribbon, looped over the bar. The ribbon was moved along the bar in 1cm intervals
from locations 1cm to 21 cm along the bar. This was repeated three times with
different weights, whose masses were 1kg (weight 9.8 N), 2.5 kg (24.5 N), and 5 kg
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(49 N). This created 63 input location and force pairs. At each weight and location,
50 output samples were recorded at 10 Hz (1 second of data). A further 150 samples
were recorded without any applied weight to obtain data with a force of 0N.
Test data was then acquired by recording 50 samples at each of 30 randomly chosen
location and weight pairs. Location values of 4.9 cm, 10.2 cm, 13.5 cm, 18.7 cm, and
20.0 cm, each with applied weights of 0N, 4.9N, 9.8N, 14.7N, 29.4N, and 39.2N were
sampled. The location values were chosen randomly, although it was ensured that all
but one of the weight-location pairs would not be found in the calibration data.
To evaluate the theoretical sensor model without spatial response, the 200 weight
and output calibration tuples at the location directly on top of each sensor were used
to fit the model. This fit was then compared to a linear and second order polynomial
fit. The training sets for the ANNs split the calibration samples, averaged over each
location and force, into training and validation sets. The basic set had 84 tuples, split
into 80 tuples for training and 4 tuples for validation. The model-based synthetic ANN
training set contained 496 training tuples and 30 validation tuples. After optimizing,
the ANNs were constructed with four input nodes, nine hidden nodes and one output
node. The activation functions were a hyperbolic tangent in the hidden layer and a
linear function in the output layer.
The ANNs were trained for a maximum of 50 epochs and their outputs were
verified after every epoch against the validation set. Once validation set error started
rising, indicating overfitting, the training was halted. The network with the median
test error was selected for result reporting.
The proposed ANN method was compared to a spatially uniform model that
ignores spatial non-uniformity. Using an idealized response function, it remaps the
output according to the location of force and then uses the theoretical sensor model
to estimate applied force. Output applied force was averaged from the two closest
sensors. These were also compared to an ANN trained only on the calibration points
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Figure 4.8: Forward and inverse models of sensor response. Left: theoretical responses along the bar. Right:Examples of inverse modeling
instead of the synthetic modeled data.

4.4.1

Results: Calibration

Fig. 4.8b shows some of the response curves for the forward model of the fitted theoretical constants across the bar and Fig. 4.8a shows the modeled pressure sensor
response to forces applied on top of the sensor. The linear fit, second order fit, and
theoretical model fit are shown. The three sensors were each modeled in this manner, and the theoretical models provided better fitting than the polynomial models.
However, the response of each sensor varied considerably and they each required a
unique fit.
Force estimation bias and root mean square error (RMSE) were measured, comparing three methods of inverse modeling. The spatially uniform model uses only the
calibration values taken from directly on top of each sensor to model that sensor and
then assumes an ideal response to model the effect of the location. The second and
third use an ANN to model the response, with the second one using just the calibration data points for training and the third one using synthetic data from the fitted
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Table 4.1: Error statistics for given methods
Method

Bias [N]

RMSE Error [N]

Spatially Uniform Model

1.91

3.6

Basic ANN

0.25

4.0

Model-Trained ANN

1.32

2.5

models at the calibration point locations. These are displayed in Table 4.1. Bias is
a measure of the mean error and indicates if a method is biased towards reporting
forces that are higher or lower than the actual force. A small amount of RMSE is
expected across all methods due to systemic noise in the sensor outputs. The bias
and RMSE error can also be viewed as the mean and standard deviation of the error.
All of the methods were positively biased, indicating that the estimated force underreported the actual applied force, especially for the spatially uniform model method.
However, the theoretical model had better accuracy than the polynomial method,
but the model-trained ANN performed best, by taking spatial response into account.
The basic ANN, using only calibration data for training, was poorest at estimating
force.

4.4.2

Results: Consequences for Breathing Fusion

If linearization is not performed, fusion must be performed on the non-linear input
signals. Fig. 4.9 shows how a breathing signal shape and amplitude can be influenced
by the basic loading on the sensor, using the modeled response curve of sensor 2 at
20 cm. The input breathing effort signal is shown with time on the y-axis in order
to align the input force with the input of the plot above it, to show the deviation
due to mean loading along the response curve. Of particular interest are the two
input sensor signals loaded at 100 and 180 N. While they were produced by the same
input breathing signal and are aligned in time, their shape makes it seem as if one is
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Figure 4.9: Effect of sensor response on the shape of a simulated breath signal
according to four values of mean loading: [50, 100, 140, 180] N.
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polarity reversed (flipped) and out of phase by a quarter period. Polarity reversals
are common during breathing on the sensor array in bed. The small weight shifts that
produce breathing add load to one sensor while reducing load on another. However,
for this case reversal should not be considered.
The fusion by simple summation of all of these sensor signals results in a signal
that is less non-linear than the average input as the non-linearities tended to cancel
each other. With a diversity of loading levels on the bed, a summed output signal
may better represent the input breathing effort than individual sensors would.

4.4.3

Discussion

The response of KinotexTM sensors to applied pressure or force contains two sources
of non-linearity: the response of the light to foam thickness and the response of the
foam to applied force. By fitting the total response to a theoretical model, a closer
fit is achieved than with generic polynomial models.
Methods of obtaining a force estimate from a pressure sensor array that exhibits
non-uniformity were investigated. While it can be expedient to ignore the spatial
response and assume uniformity, more accurate results were obtained by modeling the
spatial response using an ANN. However, it was important that the ANN be trained
on enough data, either through longer calibrations or by synthetically creating data
by fitting a theoretical model to the data and sampling the model.
Calibration enables accurate pressure or force measurement, but the manual work
required to perform the calibration procedure is lengthy. Every calibration data point
requires waiting for a settling time and an adequate number of samples for averaging
before moving on to the next location. Although interpolating the data allows fewer
calibration points, resolution and accuracy is ultimately determined by the number of
points. For two dimensional arrays, the calibration procedure would be exponentially
longer. If the technology is to be deployed on a large-scale basis, such manual work
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would not be cost effective. Rather than explore these methods, the rest of this thesis
will assume uncalibrated, non-linear data. By developing processing algorithms that
use the sensor outputs as semi-quantitative measures of breath amplitude, which do
not require exact measurements of pressure, the difficulties and time consumption of
calibration can be avoided.
The manufactured BOS sensor pad used for bed-based experimentation shows
more spatial uniformity than the ad-hoc array configuration here. However, the
non-linear effects are certainly present, and breathing signals with the sensor pad
sometimes did show the types of signal shapes shown in Fig. 4.9. The next chapter
explores breathing signal alignment. Since polarity reversal were observed to be more
common than signal delays between sensors and there is a risk of improperly flipping
and delaying signals due to the non-linear shapes of the curves, only reversals will be
considered.

4.5

Summary

The experiments run in this chapter explored characterization of a sensor array and
of signal loss in ambient environments. Some of the conditions that create variability
in an ambient system were observed, including differentials in the response of sensors,
unknown signal to noise power, and the availability of a given physiological signal
at a given sensor. Both availability of breathing and breathing power diminished
as a function of mattress size, although composition of the mattress and its density
may play a role as well. When developing algorithms for physiological monitoring,
it is important not only to test an algorithm in a laboratory environment, but also
to make sure that it is robust to these real-life conditions. Sensor response can be
affected by a number of non-linearities and non-uniformities, including the sensor
material properties and the spatial response between sensors. While it is possible
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to calibrate a sensor array to linearize the response, calibration is a time consuming
proceduce. It was discovered that uncalibrated outputs could produce aligned signals
that seemed unaligned by virtue of the sensor response. During signal alignment,
delay measurements between sensors may be suspect.

Chapter 5

Reversal Detection
Chapter 2, Sec. 2.2.3 raised the requirement of alignment of multisensor signals by
reversal detection and correction. This chapter examines improving reversal detection
by directly addressing reversals. Furthermore, it explores the impacts of fusing rather
than selecting the reference signal that is required in this process. The impact of preconditioning by lowpass filtering is also assessed.
This chapter proposes methods of reversal detection and correction that directly
assess reversals, rather than conventional techniques that use more oblique methods
of time delay estimation. The multisensor signal reversal model is first constructed
in Sec. 5.2. The signal model is applied to reversal detection using correlation in
Sec. 5.3.1. A correlation coefficient method was tested in [52] and was subsequently
enhanced by Daphne Townsend to add time delay alignment to the reversal detection.
The latter technique was published in [53]. Sec. 5.3.2 addresses the multisensor signal
reversal model using short-term trend analysis with fused reference signals. Both
segment-based and adaptive methods are proposed. A preliminary version of the
adaptive short-term trend algorithm was published in [52].
Parameter selection in the presence of additive white Gaussian noise (AWGN),
drift interference, and varying signal periods is explored by simulation with generic
periodic signals in Sec. 5.4. Simulation is also used to compare the resistance of the
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optimized algorithms and conventional traditional cross-spectral phase (Spec. Phase)
analysis to varying levels of interference and jitter in the signal period.
Sec. 5.5 revisits the parameters selection for application to breathing signal monitoring. Furthermore, the effect of pre-conditioning the signals and fusing the reference
signal are also quantified. Results are validated with experimental data for comparison across algorithms.

5.1

Introduction

When multiple respiratory signals are combined using summation, they need to be
coherent, both aligned in time and in polarity. Fig. 5.1 depicts two polarity-reversed
outputs from a pressure sensor array, once detrending removed the loading component. The sensor locations are indicated by the larger and brighter red and gray
25
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Figure 5.1: Two detrended respiratory signals from a pressure sensor array with
similar amplitude but reversed polarity
circles, corresponding to the colours of the plot. The red signals rise together while
the gray ones fall together. Although the participant is prone, a side-to-side reversal
seems in effect, possibly because of a slight twisting of the body towards one side to
breath.
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5.2

Multisensor Reversal Detection Signal Model

Let z(t) be the underlying signal of interest under measurement by K sensors. Its
sampled version is z = [z(t1 ) z(t2 ) . . . z(tN )]. The input xk = [xk (1) xk (2) . . . xk (tN )]
from sensor k is modeled by

xk = pk gk (z) + ϵk + vk .

(5.1)

The response of the sensor and other systemic responses that take place between
the signal origination and the digital system input is encapsulated by gk (·). This
function must be strictly increasing in order to preserve stimulus response and is
often non-linear for most sensor types. Reversals are modeled by polarity variables
pk ∈ {−1, 0, 1}, where 1 indicates no reversal, −1 indicates a reversal, and 0 indicates
the signal is not available from that sensor. Interference is represented by ϵk , including
sensor noise, drift, and burst interference. A baseline DC constant is provided by vk .
The goal is to find a polarity p′k ∈ {−1, 1}, where p′k = Cpk for all pk ̸= 0 and
C is constant ∈ {−1, 1}. Selection of p′k is generally performed by generating a
single reference xr , comparing it to each xk , and selecting p′k according to a binary
comparison output. With pk appropriately selected, all x′k = p′k xk are coherent and
an approximation z′ of the original z can be formed by summation:
z′ =

∑
k

p′k xk ∝
∼ Cz.

(5.2)

If C = −1, z′ will be reversed from z and inspiration is indicated by a falling signal
and expiration by a rising signal. If the pk are chosen poorly, the output signal
may still approximate z, but would represent a poorer approximation as destructive
interference occurs and the interference signals are relatively stronger.
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5.3
5.3.1

Methods of Reversal Detection
Correlation Analysis for Reversal Detection

A related field for reversal detection is in detection of paradoxical motion from
respibands when asynchrony occurs between thoracic and abdominal effort. Paradoxical motion is an indicator of obstructive apnea, occurring in one study in 91% of
patients during obstructive apneas [160]. Prisk et al. [161] examined six methods to
detect asynchrony from the two traditional respiband signals in the time-domain and
concluded that cross correlation and maximum linear correlation performed best. In
reversal detection, only the sign of the correlation coefficient is required rather than
complete cross correlation.
To detect reversals with the correlation coefficient, a reference sensor is first identified, as in Nishida et al.’s method for reversal detection [15]. Pearson’s correlation
coefficient is then calculated to compare the reference sensor input to all other sensors. Let rk be the coefficient between the reference sensor’s input xr and the kth
sensor input xk [146]:
Ns
∑
(xr (j) − xr )(xk (j) − xk )
j=1

v
rk = v
.
u Ns
u Ns
u∑
u∑
t (xr (j) − xr )2 t (xk (j) − xk )2
j=1

(5.3)

j=1

The numerator represents the covariance between the two signals and the denominator represents scaling each by their standard deviations. Positive correlations infer
the sensor inputs are both rising or falling, while negative ones infer one is rising
while the other is falling. Thus, pk can be declared as the sign of rk , pk = sgn(rk ).
Although Pearson’s correlation coefficient measures linear relationships, the sign
of non-linear relationships can be properly detected, as long as the relationship still
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is strictly increasing or decreasing. Fig. 5.2 depicts correlation as a linear regression
between the reference and the sensor signals [146]. Sensor 28 is used here as the reference signal and all are scaled first by their standard deviations. The correlation of the
3
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Figure 5.2: Pearson’s correlation coefficient as a standardized linear regression
reference signal, sensor 28, with itself is a one-to-one mapping and results in perfect
correlation and a slope of 1. The relationship of sensor 40 to sensor 28 is positive
with a correlation coefficient of 0.77. The other two have negative relationships with
sensor 28 and slope down, with correlation coefficients of -0.77 and -0.67.
Two scenarios can affect the quality of reversal correction using correlation.
Firstly, if a poor reference is chosen, such as one without strong breathing motion,
then reversal detections will be poor. Secondly, this technique can be disrupted by
movements, particularly weight shifts. Fig. 5.3 depicts two sensor signals with different polarities, affected by a head turning movement at t = 26 seconds. Sensor
16 is likely under the upper chest and sensor 25 is likely to the side of the chest or
abdomen. Note that the head movement affects both sensors, even though sensor 25
is not very near the head.
Fig. 5.4 depicts the standardized linear regression and resulting correlation coefficient. The extreme values that occur during the movement push the linear regression
of sensor 16 with sensor 25 to a positive slope and to a positive correlation. The
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Figure 5.3: Sensor signals affected by movement
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Figure 5.4: Pearson’s correlation coefficient as a standardized linear regression during movement
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negative relationship that occurs for the majority of the epoch is only represented by
the small cluster near the origin.
The correlation method works well when there is a readily identifiable reference
sensor and the subject is breathing quietly. With well-detected movement artefact,
corrupted samples could be ignored and would not affect the reversal detection. However, not all movement samples may be detected and other interference such as noise
and drift can also obstruct correlation analysis.

5.3.2

Decision Directed Slope Reversal Detection

A strategy is considered for multisensor systems to detecting reversals by analyzing
the trends in short sliding windows of data. Furthermore, to eliminate reference
sensor selection error and make use of the redundant information on the sensors,
the reference signal is constructed by fusing sensor signals rather than selecting a
single sensor. Fusion is performed using a decision-directed method and the method
is labeled as “decision directed slope reversal detection” (DDSRD). Decision-directed
techniques have met with success in multi-input applications where ground truth is
unknown [162] and are used in a variety of applications including telecommunications
[162], [163], voice detection [164], and air traffic control [165].
DDSRD uses the slope of the sensor inputs and the reference to indicate whether
a signal is rising or falling. It is helpful that by working with slopes, differing baseline
DC values can be ignored and xr need not be constructed since only the sign of its
slope is required. In this manner, the magnitudes of xr and xk are never directly
compared, providing better immunity to drift, short-term interference bursts and
varying signal power. With noisy data, estimating slope using a short window of
data rather than the derivative provides a smoothed trend. Fig. 5.5 depicts a block
and flow diagram of the DDSRD method, which iteratively refines pk by calculating
the trends, updating the reference, and correcting signal polarities.
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(a) Block Diagram

(b) Flow Chart

Figure 5.5: The DDSRD method uses the linear trends τk (tn ) to iteratively refine
pk
Efficient Short-Term Linear Fit
A local trend τ (tn ) is calculated at every sample n from a linear regression of a sliding
data window of length R, centered around n. Let j = [0 . . . R] to indicate the sample
numbers in the window. Let b(j, n) = x(t − R/2 + j) represent the data in the window
and let a(j) =

j−C1
C2

represent sample numbers normalized by C1 and C2 to zero mean
∑
and unitary standard deviation, with C1 = R/2 and C2 = (j − C1 )2 . The simple
j

linear regression is formed as follows:

τ (tn ) =

R−1
∑
j=0

(a(j) − ā)(b(j, n) − b̄(tn ))
∑
.
(a(j) − ā)2

(5.4)

Normalized a(j) reduces the regression to:

τ (tn ) =

R−1
∑
j=0

a(j)(b(j, n) − b̄(tn )).

(5.5)
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For t < R, the signal is prepadded and for t > N −R the signal is padded by mirroring
the beginning and end samples respectively. A final step normalizes the slope to the
standard deviation of the data in the window, so that areas without a strong trend
produce low slopes, irrespective of the signal power:
τ (tn )
.
τ (tn ) = √
2
2
(b(j, tn )) − b(j, tn )

(5.6)

The standard deviation can be realized by square route of the windowed variance.
2

Note that the variance operation of (·) − (·)2 can be subject to catastrophic cancellation in fixed point arithmetic, so care must be taken, but it provides a method of
variance calculation that can be efficiently implemented.
The next two steps of reference signal formation and reversal detection are iterated
to refine p′k , using τ k .
Reversal Detection
Let i be the current iteration and p′k (i) be the polarity estimate used during that
iteration. Corrected slopes are τk′ (i) = p′k (i)τ k . During the first iteration, p′k (i) is
initialized to 1 (no correction), and so τk′ (1) = τ k . The corrected slopes are summed
∑ ′
to produce a reference trend τr (i) =
τk (i). The reference is the signum of this
k

trend:
xr (i) = sgn(τr ) = sgn(

∑

τk′ (i)).

(5.7)

k

This equation is effectively a weighted vote using the corrected slope as the weight,
giving more credence to sensors with strong slopes and less to sensors which are
not strongly linear at a given tn . Since the slopes have been normalized, the higher
the slope, the stronger the trend and the less likely that the slope sign is due to
interference rather than signal progression.
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The error between the reference slope sign and the sensor’s sign is weighted by
the local signal slope and corrected by the factor ψk (i) ∈ {−1, 1}:
ek (tn , i) = xr (tn , i)|τk (tn )| − ψk (i)τk′ (tn , i).

(5.8)

This weighting once again provides for strongly sloped areas to have more sway than
less sloped areas. The ψk (i) factor is optimized by the binary selection of ψk (i) = 1
∑ 2
or ψk (i) = −1, minimizing
ek (tn , i). Finally, p′k is updated by the optimal ψk :
tn

p′k (i + 1) = ψk (i)p′k (i).

(5.9)

The two steps of reference formation and reversal detection are iterated until
detected polarities no longer change between iterations (ψk (i) = 1; ∀m) or an upper
limit of iterations is completed. During the first iteration, the collective slope can
be quite noisy as it is pulled in each direction by the mismatched sensor polarities.
However, as the polarities are solidified by iteration, the collective slope smoothes
and better represents the underlying signal.
Fig. 5.6 shows all the calculated slopes and reference trend τr (tn ) for the two
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the direction, likely because the noise present in its output is lower with respect to
the breathing amplitude.
After the pk is chosen for both sensors, the corrected output is shown in Fig. 5.7.
In this example, the reversals are corrected after a single iteration. However, multiple
6
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Figure 5.7: Reversals corrected by the short-term DDSRD
iterations are sometimes needed to correct all of the reversals.
Linear fit is a form of correlation to a linear reference [146]. DDSRD can be viewed
as a form of correlation analysis where the signals are not compared to each other,
but instead to a short-term linear reference.

5.3.3

Selected Reference Slope Reversal Detection

To isolate the impact of the fused reference, a method is proposed that follows the
same methodology as DDSRD, but selects rather than fuses the reference. For selected
reference slope reversal detection (SRSRD), the decision directed portion of DDSRD
is replaced by sensor selection, as in the Corr. method. The sign of the selected
sensor trend, rather than the decision directed sign, is input to the polarity reversal
detection block.
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Figure 5.8: Block diagram of online adaptation for polarity weight w1 (tn ). A collective slope direction is formed from the sign of the summed weighted input slopes
to produce the target slope t1 (tn ).

5.3.4

Adaptive Trend Analysis for Reversal Detection

Both the correlation method and the proposed short-term trend methods require a
full segment of recorded data and are most appropriate for use with pre-recorded
data. In this section, the short-term trend methods are modified for efficient online,
adaptive processing. The new method is labeled as “Adaptive Reversal Detection”
(Adapt RD). A key difference in the adaptive version is that it updates a continuous
weight wk (tn ) ∈ [−1, 1], instead of the discrete polarity p′k . Fig. 5.8 is a block diagram
of an adaptive system for DDSRD. For the DDSRD method, the linear fitting of the
previous R samples of input can be implemented using two moving average filters:
one to perform the fit and one to normalize to the input power.
The input signal trend is multiplied by the current wk (tn ) and fed to the decision
directed trend block to form the desired target trend: τr,k (tn ) = xr (tn )|τk′ (tn )|.
The error is defined as the difference between the target slope and the corrected
slope:
ek (tn ) = τr,k (tn ) − τk′ (tn )
= xr (t, i)|τk (tn )| − wk (tn − 1mi)τk (tn ).

(5.10)
(5.11)
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Figure 5.9: Examples of weight and polarity sign adaptation for the Adapt RD
method (R = 15,µ = 0.05)
This error equation is that same as (5.8), but with a continuous update weight instead of the discrete polarity. Least mean squares is used to adapt the weight [166],
parameterized by µ, the step size parameter:

wk (tn ) = wk (tn − 1) + µek (tn )τk (tn ).

(5.12)

After applying (5.12) to update wk (tn ), any weights outside the [−1, 1] interval are
reset to a minimum of -1 and maximum of 1. Polarities p′k are the signs of wk (tn ):
p′k = sgn(wk (tn )).
This adaptive method can be used online for continuous polarity adjustment or
for segment-based processing by passing the segment or a sub-segment through the
adaptive analysis. For segment-based processing, p′k is set as the sign of the final
updated weight at the last sample n = N : p′k = sgn(wk (tN )). Fig. 5.9 exemplifies the
adaptive process for both the clean and movement examples using the input signals
shown in Fig. 5.1 and Fig. 5.3, respectively. The movement occurring at the end of a
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Figure 5.10: Large array example adaptation, including noisy signals and the pk = 0
case on some sensors
segment is the worst case scenario for this method. In the example, the polarities do
not change, but the weight of sensor 25 is affected. A longer movement could affect
the output polarity.
When Adapt RD is applied to signals from a 48-sensor array, with noisy signals
and including the pk = 0 case on some sensor, an adaptation like the one shown
in Fig. 5.10 occurs. This is not as clean cut and shows that many of the sensors
constantly change p′k . However, a core group of signals converge quickly and do not
change. These sensors are more likely to hold valid breathing signals.

5.4

Experiment #1: Simulation

The algorithms were first analyzed using simulated signals, to explore their response
to generic stimuli. By using the generic stimuli, the effects of specific corruptions could
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be investigated without the confounding effect of multiple sources of interference that
occur in experimental data. Parameter selection was first examined, and then a
thorough analysis of the effects of interference was undertaken.

5.4.1

Testing Protocol

Computer simulated datasets were constructed to model the effects of interference,
non-stationary signal periods, and non-linearity. Data segments were created using
the signal model in (5.1), starting from a unique zero mean, unitary power base
signal z(tn ), with a randomly chosen initial phase. A triangle wave superimposed on
a sinusoid and normalized to unitary power was constructed to produce z(tn ). The
average period T was jittered by J% from period to period to produce a quasiperiodic
signal. To model the response of multiple sensors, z was scaled by a signal-to-noise
ratio (SNR) parameter and then replicated K times to create signals zk for k ∈ (1, K).
20% of the replicated signals were set to 0 to represent pk = 0 and 40% of the
remaining were reversed by multiplying the scaled zk by pk = −1. Varying these
proportions was not found to significantly alter results. Unique interference and
baseline DC values were added to each zk to form signal vectors xk .
Interference consisted of three components: a noise signal, simulated as AWGN
with a constant power; a slow-moving drift signal, whose power was parameterized
by a desired signal power to drift power ratio (SDR); and burst interference, parameterized by burst length Lb . Drift consisted of AWGN, lowpass filtered with cutoff
wc = 0.044 rad/sample (fc = 0.07 Hz at sampling frequency fs = 10 samples/second).
Burst interference consisted of a short burst of AWGN noise starting within the segment at a randomly chosen sample and lasting for Lb samples. Its power was scaled
according to Lb and SNR. These interference signals and baseline values were added
to clean signals. Quantization noise was included by rounding the resulting signal
values to the closest integer.
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A single data set comprised 750 unique data segments, and each segment consisted
of 300 samples (Ns = 300) from 25 sensors (K = 25). With K = 25, there were 12
pk = 1, 5 pk = 0, and 8 pk = −1. Four main datasets were created, in which
subsets were created by varying each of the parameters of SNR, SDR, Lb ,J%,and T ,
in isolation under conditions of a given noise and drift power. Sets labeled “low noise,
low drift” had an SNR of 10 (10 dB) and SDR of 400 (26 dB); “high noise, low drift”
had an SNR of 2 (3 dB) and SDR of 400 (26 dB); “low noise, high drift” had an SNR
of 10 (10 dB) and SDR of 2 (3 dB); and “very high noise, very high drift” had both
an SNR and an SDR of 1 (0 dB). Defaults for the other parameters were Lb = 0,
J%= 5, T = 40, and σN L = 0.
Examples of varying the parameters are shown in Fig. 5.11 using the ”low noise,
low drift” set. Note that the displayed signals are from separate segments and may
not share the same initial phase.
Reversal detection performance was assessed by detection accuracy. Accuracy
was defined as the percent of correct polarities, where pk = p′k . Since pk = 0 was not
detected, sensors with pk = 0 were ignored. For segments with accuracy less than
50%, C = −1 was assumed, and correct polarities for those segments were pk = −p′k .
Thus, the minimum attainable accuracy was 50%.

5.4.2

Parameter Selection

The short-term trend methods all require a window length R to be chosen and the
adaptive methods have to consider the additional µ step size.
Window Length R
Fig. 5.12 shows the effect of the window length parameter, R, in the midst of drift
and noise. All of the methods were affected by noise and drift to some extent. Noise
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Figure 5.11: Simulated signals with varying parameters
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Figure 5.12: Accuracy as a function of window length parameter R in the presence
of noise and/or drift
had the effect of decreasing performance for short window lengths, but had less effect
at higher R. Drift had the opposite effect as it hampered performance for the longer
window lengths. When drift and noise were combined, the best choices of R were
between 10 and 20 samples. The adaptive variants were less sensitive to noise at
short window lengths, perhaps because of the effect of the learning rate smoothing
out the noise. Pre-conditioning by lowpass filtering could fulfill this same function
for the non-adaptive versions.
The period of the underlying signal is envisaged to affect the optimal value of
R. Fig. 5.13 shows the effect of the rate on the optimal choice of R for the DDSRD
method in strong noise and drift. As the window length increased past the signal
period, accuracy dropped. For R > T /2, every window includes both rising and
falling data, and the slope sign depends on the relative amplitude of the rise versus
the fall. Where noise or drift interference was strong enough to overshadow the
difference between these amplitudes, errors would have occurred. As R increased,
decisions either way were due mainly to the noise or drift. The adaptive methods
showed the same effect under the period change.
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Learning Rate µ
For the adaptive methods, the learning rate parameter µ must also be chosen.
Fig. 5.14 shows the effect of different learning rates on the reversal detection accuracy, varying R. There is a falloff in performance when the learning rate is too fast
(µ is too big), with better values less than 0.1. Analysis of the performance of the
algorithms for varied signal periods showed that the period did not have a discernible
effect on the choice of learning rate for either algorithm.
The best window lengths and learning rate selected for both algorithms were
R = 15 and µ = 0.05 respectively.
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5.4.3

Simulation Analysis

With parameters of R = 15, µ = 0.05, and a maximum iteration limit of 10, the
methods were run with simulated data to analyze the effect of three factors: interference, fused reference signals, and non-stationary signal periods. Comparison was
also made to the cross-spectral phase (Spec. Phase) method.
Interference
The effects of interference were assessed for each of the methods. Fig.5.15 shows the
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Figure 5.15: Effects of SNR on mean percentage of correct polarities: (a) Low Drift
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deleterious effect of noise is amplified by the high drift. The Corr. and Spec. Phase
methods are particularly affected by this interference. Even at an SNR of 10 dB,
their performance starts to drop. The same performance drop is seen, but at lower
values of SNR, for the short-term trend methods. Once SNR reaches -20dB, none of
the algorithms perform any better than no reversal detection. In fact, some perform
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slightly worse.
The effect of drift and burst interferences are shown in Fig. 5.16, in conditions of
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methods were quite resistant to both drift and burst interference. Drift likely affects
the Spec. Phase method due to spectral leakage obscuring the frequency estimation
and phase discrimination. The correlation method is affected by drift once the power
of the drift exceeds the signal power. As posited in Sec. 5.3.1, the correlation method
did perform poorly in the presence of movement. The Spec. Phase method was also
affected by burst interference to a slightly lesser degree. In high drift and noise
conditions, similar results were observed, albeit with a quicker rate of degradation,
particularly for the correlation method.
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Effect of the Fused Reference During Reversal Detection
In comparing the effect of fusion and selection for reference formation, the effects
of noise, drift, and burst are revisited for the SRSRD method. The top plots in
Fig. 5.17 show the effects of these interference sources on SRSRD, with the DDSRD
and Spec. Phase methods shown for reference. At the bottom of the figure, the
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Figure 5.17: Effect of reference fusion on polarity accuracy
performance improvement solely attributable to combining rather than selecting the
reference (improvement = DDSRD - SRSRD) is shown. In high drift conditions with
varying SNR, the effect of the fused reference is particularly strong, improving the
mean detection accuracy by as much as 15%. The effect of SNR in the low drift
condition is not shown, but takes the same shape and ranges up to 6%. The effect
of SDR with high noise is also not shown, but is the same as for low noise power.
Both the SNR and SDR plots show that the reference provides extra immunity to
the effect of these conditions. Similarly, as burst length increases, the effect of the
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reference increases. The effect with burst interference when SNR and SDR are low is
negligible.
Effect of Non-Stationary Periods
When jitter was introduced in higher amounts into period lengths, the Spec. Phase
method was affected, as shown in Fig. 5.18. This applied only to low quality input
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Figure 5.18: Effect of non-stationary periods on accuracy of correct polarities (low
SDR, low SNR)
signals, with large noise and drift corruptions. The effect was negligible without those
corruptions.

5.4.4

Discussion

Noise hampers the performance of all of the analyzed methods of reversal detection,
but drift is especially destructive, especially when it is coupled with noisy signals.
Motto et al. argued that that noise, changing amplitudes and changing breathing
rates would affect the results using cross correlation for asynchrony analysis between
thoracic and abdomnial respibands [104]. Indeed, this is supported by the results here
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which show correlation analysis most prone to error when noise or burst interference is
present. By using the proposed trend methods, sensitivity to interference was shown
to decrease.
Using longer windows for DDSRD was also effective for smoothing the trends
to reduce the impact of interference. This is demonstrated by the higher detection
accuracy when the window length R is adjusted from a very short window to one with
more than ten samples, shown in Fig. 5.12. However, there was a trade-off between
immunity to noise and immunity to drift when increasing R. Also, window lengths
should not extend beyond the expected period of breathing signals.
DDSRD makes use of a fused reference signal. Wang et al. [112] also used a fused
reference signal by iteratively averaging all inputs for EEG spike reversal detection,
however the improvement of fusion over reference selection was not addressed. Here,
reference fusion outperformed reference selection, particularly at the low signal to
interference levels explored in Fig. 5.17. The benefit derived from fusing sensors to
create the reference signal is twofold. Firstly, redundant information available across
multiple sensors from the underlying signal increases the accuracy of the reference.
Secondly, selection between sensors for an appropriate reference is avoided. This
process of selection may also be hindered by interference.
The adaptive and block-based DDSRD methods fared similarly in most tests, and
a system developer would feel free to select whichever one of these two methods fits
their system best. It was shown in the examples of Fig. 5.9 and Fig. 5.10 that the
Adapt. DDSRD method could be affected by interference. While individual polarities
were certainly affected, this method was less affected than all other methods to the
presence of strong noise (Fig. 5.15). It was slightly more affected by drift than the
DDRSD method, but less than other methods (Fig. 5.16). It also showed minimal
susceptibility to burst interference.
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5.5

Experiment #2:

Breathing Signal Reversal

Detection
To inspect behaviour of the methods in real-life ambient conditions, experimental
results were obtained for bed-based breathing analysis, making use of the data sets
outlined in Chapter 3, Sec. 3.3.4.

5.5.1

Testing Protocol

Since the interference present in the experimental data may alter the optimal parameters, parameter optimization was applied once again, using the training set. This
time, preconditioning by filtering was also considered during optimization, observing
results achieved with both lowpass filtered and unfiltered input signals. The lowpass filter had a cutoff frequency of 0.8 Hz, designed as a 128th order finite impulse
response (FIR) filter, using the window method with a Hamming window. A FIR
filter was chosen rather than an infinite impulse response (IIR) filter, such as Butterworth or Chebyshev, to keep the phase linear and avoid distortion caused by group
delay [104].
With selected parameters, comparison was made between reversal detection methods in conditions of rest and movement by processing the clean respiration set and the
movement set. Since these data sets are based on the same data as the training data,
further testing was pursued using the validation set described in Sec. 3.3.4. The proposed short-term trend methods were again compared to the Corr. and Spec. Phase
methods.
Reversals are impractical to manually annotate, especially for small signals that
are too noisy to visually assess. The main goal is to provide phase aligned signals that
can be summed to provide a respiration signal, and so the methods were evaluated for
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the experimental data by comparing the summed reversal-corrected sensor signals to
the respiband standard. Poor reversal correction incurs destructive interference that
results in a poorer breathing signal. As detailed in Chapter 3, Sec. 3.4, evaluation of
output signal quality was performed using the mean absolute correlation coefficient
¯ between the respiband signal and the summed breathing.
(|r|)
The interquartile ranges of the mean SNR and SDR of the sensor inputs in each
epoch were calculated to gauge typical conditions. Breathing signal power was roughly
approximated as the mean variance of moving detrended five-second windows. Five
seconds was chosen because the longest breathing interval in the normal breathing
range of 12 to 20 breaths per minute (BPM) is five seconds. Noise power was approximated as the mean variance of moving, detrended one second windows. Drift power
was estimated as the variance of the full epoch less the breathing signal power. SNR
was then the breathing signal power divided by the noise power, and SDR was the
breathing variance divided by the drift power.

5.5.2

Results: Parameter Selection

To choose R for this application, training data were analyzed using varying window
lengths, from a half second wide to six seconds wide. Fig. 5.19 shows the correlation
of the output respiration to the respibands for DDSRD and Adapt RD methods as
a function of R. The unfiltered case is also shown for DDSRD, while for adaptive
DDSRD, µ was varied. The results here are similar to those found in simulation.
In contrast to the simulation results, there is a strong effect of noise for R < 20,
especially for the unfiltered case. This may be partially attributable to the cardiac
pulse BCG which provides interference with a period of 10 samples at 60 BPM. Short
movements could also play a role. The optimal R moves up to 20-30 samples (2-3
seconds), rather than between 10 and 20 (1-2 seconds). Lower values of µ appear
to be better here than in simulation, again likely due to smoothing out the cardiac
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Figure 5.19: All experimental training data: accuracy according to window length
parameter R. Basic and filtered pre-conditioning schemes shown for non-adaptive
methods, µ for the adaptive method.
component in the signal. An R of 20 samples (2 seconds) and µ of 0.01 were selected
and lowpass filtering was applied for all subsequent analysis. While the difference
between the filtered and unfiltered case was minimal (0.0005), paired Student’s t test
confirmed it to be significant (p = 0.019).

5.5.3

Results: Movement Corruption

Fig. 5.20 shows the effect of movement corruption on the methods using the clean and
movement test sets. Epochs were binned by movement length: “none” for the clean
set with no movement corruption, “short” for movements less than one second, “mid”
for movements between one and two seconds, “long” for movements between two and
three seconds, and “very long” for movements between three and four seconds. 80%
of the samples in the test had no movement, and the distribution of the remaining
movement-corrupted samples by duration is shown on the right. The numbers of
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Figure 5.20: Effect of movement corruption on signal quality
epochs in each bin are relatively equal, although mid length movements are more
likely to occur than the others.
As expected, increased movement length caused both the Corr. and Spec. Phase
methods to drop more precipitously in signal quality than the short-term trend methods. Notwithstanding the applied method of reversal correction, movement affects
the signal quality according to the length of the movement. This can be recognized
by the almost linear descent of the signal quality of the “None” method. Although
samples with movement artifact are not considered when evaluating the signal quality,
some residual effect is still present.

5.5.4

Results: Validation

The interquartile ranges of mean SNR and SDR were 2.7 to 9.0 (4.4 to 9.6 dB) and 0.8
to 4.5 (-1.0 to 6.6 dB), respectively. Table 5.1 provides test results for the validation
set test records and Fig. 5.21 depicts these results through boxplots.

The first
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Table 5.1: Performance of reversal correction applied to validation records
%⇕

¯
|r|

C.I.(low, high)

r ≥ 0.7 (%)

Adapt RD

42

0.888

(0.885, 0.890)

90.7

DDSRD

33

0.887

(0.885, 0.890)

90.7

DDSRD no filter

33

0.885

(0.882, 0.888)

90.1

SRSRD

38

0.884

(0.881, 0.886)

89.9

Corr.

38

0.848

(0.845, 0.852)

83.8

Spec. Phase

38

0.839

(0.836, 0.843)

81.5

None

0

0.727

(0.723, 0.731)

63.9

1
0.9

r

0.8
0.7
0.6

None

Spec. Phase

Corr.

SRSRD

DDSRD no filter

DDSRD

Adapt RD

0.5

Figure 5.21: Boxplots of output signal quality by method. Median quality is represented by the line across the box, confidence intervals of the median by the extent of
the notches, and interquartile ranges by the lengths of the boxes. The extents of the
data above and below the first and third quartile are shown by the whiskers.
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Figure 5.22: Bland-Altman plots of extracted respiration rates comparing respiband
and ambient sensors for Spec. Phase and Adapt RD methods
table column lists the mean percentage of sensor signals that were reversed in each
epoch. The number of reversals performed did not seem to correlate with performance.
Although their results were very close, and their confidence intervals the same, the
improvement of Adapt RD over DDSRD was significant at a 95% confidence level
when paired using Student’s right-tailed t test (p = 0.024). The paired improvement
between the filtered and unfiltered versions of DDSRD, as well as the fused and
selected reference signals (DDSRD vs SRSRD) were also significant (p <= 0.001).
DDSRD and Adapt RD also performed better than the Corr., Spec. Phase methods
(p <= 0.001).
The validation set shows that the improvements offered by the short-term trend
analysis methods during interference translate into gains during real usage. An increase in respiband correlation of over 0.042 was achieved by the short-term trend
methods over the Spec. Phase method in this set, resulting in 9% more output breathing signals with qualities above 0.7.
Fig. 5.22 depicts Bland-Altman plots for the respiratory rates calculated from the
extracted signals. Breathing rates ranged from just below five BPM, when the partic-
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Figure 5.23: Respiratory rate agreement with respibands by reversal detection
method
ipants were asked to breathe deeply, to 35 BPM when they breathed shallowly. The
Adapt RD method provides a narrower difference at any breathing rate, although it
was slightly more likely to overestimate the rate than underestimate it. The resulting
mean respiratory rate error and the percentage of estimates within 1 BPM are shown
in the barcharts of Fig. 5.23. Mean rate errors for spectral phase were 1.00 BPM, compared to 0.76 for DDSRD. This represents a reduction in rate estimate error of almost
25%, which increased the number of epochs with less than a 1 BPM error from 75%
to 82%. Lowpass filtering has a much larger effect on the respiratory rate error than
on the signal quality. Note that all algorithms, except the no-filter DDSRD method,
had lowpass filtering applied, so comparison between that method and non-DDSRD
algorithms are not valid; the other algorithms would likely also produce higher rate
errors without the filtering.
Table 5.2 compares the impact of respiratory rate extraction by participant. Mean
breathing rates tended to be slightly on the low side of the expected 12 to 20 BPM
range, with two participants just above a median of 12 BPM. This is partly accounted
for by the fact that the participants were resting quietly. The participants were a
strong source of variability in the results, with P49 consistently displaying half the rate
error as P95. P95 was the heaviest participant and also the only male in the validation
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Table 5.2: Statistics of respiratory rate estimation after reversal corrections using
Adapt RD, listed by participant
P49

P61

P82

P89

P95

All

Median respiband rate (BPM)

16.60

16.32

14.75

12.68

12.15

14.78

Median Adapt RD rate (BPM)

16.73

16.90

15.00

13.22

12.33

15.18

% not available

0.38

0.30

0.80

0.51

1.12

0.61

Mean |error| (BPM)

0.46

1.10

0.75

0.74

0.67

0.74

Median |error| (%)

0.70

1.01

1.11

1.61

1.19

1.06

Mean |error| (%)

3.38

8.33

5.61

6.83

6.27

6.08

% |error| < 1 BPM

90.99

73.44

81.29

79.08

85.02

81.95

set. However, the results were not correlated with weight; the two participants with
the best results, P49 and P95, were also the second and third heaviest.

5.5.5

Discussion

The problem of reversal correction was approached in this thesis in its own right,
rather than as a subset of TDE. This approach allowed the problem to be directly
addressed as the optimization of the sign of the slope instead of the more oblique
delay measurement or spectral phase analysis. The method is waveform independent,
robust to interference from various sources, and applicable to periodic, quasiperiodic,
and aperiodic data alike. While the linear slope was used here, other trend analysis
techniques, such as Cox Stuart trend tests [167], could be applied following a similar
methodology. Cox Stuart trend analysis was also trialed with this data and showed
similar results to the linear trend DDSRD method. Results were not shown here as
they made the plots busier and more difficult to read, without significantly adding
to the discovered knowledge. However, in some systems, Cox Stuart trend analysis
might be a simpler test to implement.
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The experimental results were consistent with results obtained during simulation.
The range of mean SNR and SDR values of the experiment both fell within simulation regions where the DDSRD method differentiated itself from the the Corr. and
Spec. Phase methods, although not at that point from the DDSRD method (see 0-10
dB range in Fig. 5.15 and Fig. 5.16a). This is reflected in the experimental results
with a clear gain over the Corr. and Spec. Phase methods, but a closer result to the
DDSRD method.
The shape of the parameter optimization curve of the experiment (Fig. 5.19),
with a droop over higher values of R, suggests the effect of drift: droop occurred as
drift was increased during simulation in Fig. 5.12. The effect of noise with very low
values of R seen in that simulation was not as pronounced in the experiment due to
the lowpass filtering that was applied to preprocess the signals. This lowpass filtering
was shown to decrease respiration rate error. Analysis of the effect of lowpass filtering
on other algorithms was not done, but could yield interesting results.
In applications with higher drift and noise, it is expected that the DDSRD method
could further distinguish itself from Corr., Spec. Phase, and even SRSRD. Drift encountered in other applications would depend on the sensor type being used and
the environmental conditions such as temperature fluctuations. Even within the application of bed-based monitoring, higher SDR and SNR values are possible. Slow
relaxation while falling asleep could cause a drift-like signal. Furthermore, as seen in
Chap. 4, installation below thicker mattresses could affect SNR.
Window lengths that are appreciably less than the shortest expected period of
breathing signals have been conventionally used for analysis of breathing. For example, Wilks et al., detected infant breaths with a window length of 0.24 seconds [152],
to correspond to one quarter of a 60 BPM infant respiratory cycle. Moyles et al. used
window lengths of 1.875 seconds [168] with adult breathing. This length is just over
half of the three second period of 20 BPM. Analysis of window lengths with respect
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to period (Fig. 5.13) showed the importance of choosing lengths that are smaller than
the period. A window length of 2 seconds (20 samples) was selected here, which is
less than half of the 5 second period of 12 BPM and still less than the 3 second period
of 20 BPM.
The removal of the filtered components of the interference reduces the impact
of noise and interference from signals like the heart rate. There is a statistically
significant (p < 0.001) advantage to pre-filtering the signals with a lowpass filter for
experimental data. This achieves an improvement gain of 2%, enough to justify the
incremental increased in complexity.
The signal model introduced in Sec. 5.2 is valid when systemic signal delays between sensors are much less than one half of the fundamental period of the signal. For
higher frequency signals with measureable propagation delays, gk (·) includes a phase
offset. In addition to reversal correction, signal alignment would also require a matching delay correction. The phase coherence problem then becomes a TDE problem in
addition to the reversal problem that is considered here. Townsend et al. provided a
method of both reversal and delay estimation using correlation analysis [53]. Similar
delay detection could be applied in the context of decision directed reversal detection
by secondary correlation analysis of tk (n) and m′k (n), although care would be needed
in the presence of movement since the correlation method is sensitive to movement.
Furthermore, in the previous chapter, it was discovered that non-linearity could masquerade as signal reversals and delays of one quarter period. If delay correction is
applied, only short delays less than the quarter period should be considered.
The improvements offered by the short-term trend algorithms in the controlled laboratory setting of the experiment may be be more substantial in care settings. There,
thicker or denser mattresses could appreciably lower signal quality, while movement
may be accented by more time spent in bed while awake. The improvement by using
DDSRD over cross-spectral phase analysis was small but significant in the validation
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data.
The correlation method can be modified to ignore periods of movement by simply
dropping samples during detected movement. However, movement detection is not
always accurate, and some movements may be missed. The spectral phase method
is also vulnerable to movement, particularly since movement also occupies the respiratory spectral band and corrupts the phase estimates at the breathing frequencies.
The spectral phase method would be difficult to modify in order to ignore periods
of movement. In scenarios where movement is expected to occur frequently, the proposed trend methods offer protection from the effect of undetected movement.
The results highlight the importance of aligning the sensor signals before summing them to extract a respiratory signal. All of the methods of reversal detection
and correction provide a marked improvement in the output respiratory signal when
compared to not providing any phase correction. However, periods of movement, noise
corruption, or reductions in the number of sensors do affect method performance.
Improvement to combining performance may be possible by detection of the pk = 0
case, setting those sensor inputs to a constant zero. However, although some methods
were trialed, they generally resulted in worse combining performance than without
this detection. It is desirable that the fusion stage is robust to reduced availability,
where the inclusion of the pk = 0 sensors as pk = ±1 does not inhibit good fusion.
While the main field of application here is towards coherent combining of sensor
inputs, the methods may also be useful in other applications where reversals suggest
a latent condition. For example, in biomedical sensing of cardiopulmonary signals,
reversals between thoracic and abdominal breathing signals can indicate paradoxical
motion caused by diaphragmatic paralysis or obstructive apnea [169]. In this work,
it was assumed that all reversals were systemic rather than physiological in nature,
but physiological reversals may be possible. Discerning physiological reversals would
be of interest to clinical applications, but it is currently not known if this is possible.
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5.6

Summary

Detecting signal reversals is an important step for many fusion algorithms. Three
methods were proposed to detect reversals from ambient sensors: the correlation
coefficient method (Corr.), decision directed slope reversal detection (DDSRD), and
an adaptive version of DDSRD (Adapt RD). These all offered improvements over
spectral phase analysis in conditions of interference and for non-stationary signals.
The proposed correlation coefficient sign method improved reversal detection for nonstationary signals, but was hampered by interference. On the other hand, short-term
trend analysis methods of DDSRD and Adapt RD showed resiliency to both conditions
of interference and non-stationary behaviour. Compared to spectral phase analysis,
this provided 9% more signal segments with signal qualities above 0.7, which reduced
respiratory rate errors by 24% and increased the number of segments with errors less
than 1 BPM by 7%.

Chapter 6

Respiratory Signal Fusion by Linear
Combining
This chapter examines breathing signal fusion as a linear combining scheme, where
individual sensor inputs are weighted by a scalar before summation. Three categories
of linear combining are emphasized: sensor selection, weighted sensor summation,
and blind source separation. These combining techniques were introduced in the
background review of signal processing (Chap 2, Sec. 2.2.4) and methods for each are
category are developed and proposed in this chapter, Secs. 6.2.2, 6.2.3, and 6.2.4.
Emphasis is on conditions of low input signal quality, reduced signal availability, and
disorder in the signal periods. To this end, conventional and new methods were
compared and contrasted under each of these conditions.
Methods for each of the three fusion categories are proposed. Sec. 6.2.2 offers
an improved selection combining method, for situations where selection combining is
desirable. This method is specifically designed to be robust to movement and noise
and was published in [55] and submitted to [51]. Sec. 6.2.3 investigates applying diversity combining and specifically maximal ratio combining (MRC), towards selecting
optimal gain factors. This technique was published in [54]. Blind source separation
methods are explored in 6.2.4. A principal component analysis (PCA) method that
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selects the best principal component is proposed, and independent component analysis is also applied with principal component analysis for dimension reduction and
selection combining for component selection. In addition, the method of adaptive
DDSRD reversal detection developed in the previous chapter (Sec. 5.3.2) is extended
to a blind source separation method in Sec. 6.2.4

6.1

Introduction

The three fusion techniques of sensor selection, weighted summation, and blind source
separation all fit the linear combining paradigm. That is, they make use of the
following model for signal fusion:

′

z (tn ) =

K
∑

gk x′k (tn )

k=1

(6.1)
x′k (tn ) represents the input signal, xk (tn ), after it has undergone signal conditioning.
k denotes the sensor number. The output signal, z ′ (tn ), is constructed from the sum
of the signals, each first multiplied by a gain factor gk (tn ). The gains differ according
to the linear combining method that is used, and the gain value, gk , can be different
on every sensor.

6.2

Methods

Before attending to fusion methods, spectral estimations of signal power, noise power,
and in-band power from quasiperiodic signals with unknown frequency are addressed.
These spectral parameter estimates are used throughout the chapter to support measures of signal strength. With these in hand, fusion methodologies were developed.
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6.2.1

Spectral Parameter Estimation

To extract spectral parameters of signal power, noise power, and in-band power, three
spectral estimates are first made: power spectral density, fundamental frequency, and
noise spectral density. The frequency band of interest for respiratory signals is 0.07
Hz to 0.8 Hz, corresponding to roughly from four to fifty breaths per minute (BPM).
Mean removal or detrending is an essential preprocessing step, as a DC value
creates significant spectral leakage. Once signals are detrended, the PSD is estimated using a modified (windowed) periodogram, zero padding the samples of the
epoch/segment to a length that is a higher power of two for spectrum interpolation
and fast fourier transform (FFT) efficiency. Windowing widens the respiratory signal lobe in the PSD, but reduces the spectral leakage. Reducing spectral leakage
will ensure that noise estimation in subsequent analysis is more accurate. The Hanning window is used here, since it provides a good trade-off between lobe width and
spectral leakage.
Spectral parameter estimates are made under the assumption that there exists a
peak in the power spectrum that corresponds to the fundamental frequency of the
signal of interest. The fundamental frequency is set as the frequency with the highest
peak in the PSD within the respiration band.
The noise spectral density is required for both noise power and signal power estimation. Fig. 6.1 shows the PSD of a respiratory signal from one sensor. The main
signal lobe is located as centered at the fundamental respiration frequency, with a
width given by two times the 3 dB width of the Hanning window, considering the
interpolation width provided by zero padding. Fig. 6.1a highlights the main signal
lobe.
Noise is found in the bins within the respiratory range, but outside of the main
signal lobe and its possible harmonics. The noise spectral density N0 is estimated as
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Figure 6.1: Locating the signal and the noise components in the PSD
the median value in the noise bins. Using the median, rather than the mean, guards
against spectral leakage from the main signal lobe affecting the estimate. Fig. 6.1b
highlights the included noise bins and N0 value. This estimation of noise spectral
density assumes that noise is white (uniform), which does not hold when coloured
interference, such as movement, is present. Even so, noise density increases with
coloured interference too, and the estimate may serve for many use cases.
Finally, the three spectral parameters of interest can be extracted. To estimate
the total noise power N , the noise spectral density is integrated across the entire
respiratory band. The signal power S is estimated by integrating the power densities
of the main signal lobe and subtracting the noise power present in the lobe. The
total power in the respiratory band Pr is estimated by integrating all in-band power
densities (all highlighted bins in Fig.6.1).
The primary assumption made that there exists a single peak in the spectrum
belonging to the signal of interest is valid when changes in period within the signal
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Figure 6.2: Block diagram of spectral ratio fitness calculator for selection combining
segment are small. However, for highly varying signal periods, there may be multiple signal lobes and spectral parameters may not be well estimated since part of the
signal power will be assigned as noise. Nonetheless, for comparison between sensors
of the same input signal, the same poor assignment occurs at each sensor and relative parameter values may still hold. A final caveat is that at low signal powers,
interference can masquerade as a signal peak and lead to parameter estimation error.

6.2.2

Methods of Selection Combining

Current selection combining algorithms use a single feature of the breathing signal to
characterize the fitness. Here, an approach will be described that makes use of two
spectral features, making it less sensitive to both movement and breathing irregularity.
The proposed spectral ratio selection method takes advantage of the periodicity of
the breathing signal to discern the breathing signal from movement. Fig. 6.2 shows
the block diagram of the fitness calculator for this method.
Signal power, S, and noise power, N , and total in band power Pr are estimated.
as described previously in Sec. 6.2.1. Recall that Pr has been used previously in
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selection combining by Niizeki et al. [73] and Nishida et al. [15] as it own fitness
measure. Here, this measure is combined with the SNR to form a spectral ratio.
The spectral ratio fitness at the kth sensor, Fk , is calculated as:
Ŝk

Fk =

N̂k

P̂rk .

(6.2)

Strongly rhythmic signals with strong powers stand out compared to signals with
noise and movement corruption in the

S
N

term. When breathing is not rhythmic, the

Pr component allows the method to fall back to the spectral power method. This
method is labeled “Sel. (SNR-PSD)” in the rest of this chapter, while the method
using only Pr is labeled “Sel. (PSD)”.
In addition “Sel. (SNR-PSD)” and “Sel. (PSD)”, a third method using only SNR
is also proposed for the sake of comparison. This method is the same as the spectral
ratio method, without the P̂r term and is labeled “Sel. (SNR).”

6.2.3

Methods of Weighted Summation

Maximal ratio combining (MRC) [114], [115] is a type of signal combining that has not
yet been applied to breathing signal fusion and is proposed here to increase the SNR
of the output breathing signal. MRC is designated as “maximal” since the output
SNR of the signal is maximized in traditional communication diversity systems with
deterministic signals and Raleigh fading environments. MRC summation weighting
is given in (6.3):
gk =

√

Sk
,
Nk

(6.3)

where S is signal power and N is noise power. It can be shown that this maximal
SNR is the sum of all the input SNR in the traditional system [114]. Let γk denote
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Figure 6.3: Block diagram of method to calculate MRC gain from variance
the SNR of sensor k. Then the output γ SNR is

γ=

K
∑

γk .

(6.4)

k=1

If all K sensors have the same average SNR, γin , then an K sensor system increases
SNR by a factor of K over a single sensor system [114], [170]:

γ = Kγin .

(6.5)

In ambient environments, with non-deterministic signals, the estimation of signal
power and noise power is more difficult than in the traditional application of MRC in
communication signal processing. Methods to estimate these parameters are required
before MRC can be applied. Three methods of calculating the gains are detailed in
the next sections. The first uses the temporal signal to estimate the signal and noise
power from its variance while the second uses spectral power estimates. The third is
an extension of the second and uses an estimate of the signal provided by an EGC
combiner to first estimate the respiratory frequency before calculating MRC gains.
Power in a zero-mean signal can be calculated from its variance. Fig. 6.3 proposes
a method for estimating signal power and noise power this way. If we assume that
short term signal fluctuations are due to noise, but longer term fluctuations come from
the respiratory motion, then noise power can be calculated by short term variance
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and signal power from longer term variance.
A short window of length WS , is applied to capture noise fluctuations. A length of
one second was selected as it usually represents less than a quarter cycle during regular
breathing and even when breathing extremely quickly (up to 60 BPM), it represents
less than a full breathing cycle. The samples inside the window are detrended to
remove the longer fluctuation from the respiratory signal and the variance, vN 1 , is
calculated on the detrended signal. This process is repeated by sliding the window
along, sample by sample, until E − WS variances have been calculated, where E is
the epoch or segment length over which the gains are being calculated. The mean of
these variances is the estimated noise power.
A longer window, of length WL , is applied to capture the respiratory action.
Fifteen seconds is chosen as this window size, to contain at least a single breath if
the subject is breathing very slowly (4 BPM), or multiple breaths at higher breathing
rates. Again, the windowed signals are detrended and variances, vSi , calculated before
sliding the window over by a sample and repeating the process E − WL times. A total
power estimate Pt is the mean of the calculated variances, so the signal power estimate
is

S = Pt − N
= (

E−W
E−W
∑L
∑L
1
1
vSi ) − (
vN i )
E − WL i=1
E − WS i=1

(6.6)
(6.7)

Note this algorithm has been improved from the one published in [54], as it takes into
account the noise power present in the respiratory window.
Signal and noise power can also be calculated from the power spectral density
(PSD), as detailed in Sec. 6.2.1. Fig. 6.4 is a block diagram of a system to calculate
MRC gains using the PSD. This method is labeled MRC (PSD).
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Figure 6.4: Block diagram of method to calculate MRC gain from power spectral
density

Figure 6.5: Block diagram of MRC (PSD+EGC) method. EGC is used to estimate
the respiratory frequency.
The MRC method presented in the previous section treated each sensor independently; fundamental frequencies were calculated for each sensor individually. For
sensors with weak or non-existent breathing signals, the chosen fundamental frequency may belong to interference rather than breathing. Erroneous signal and noise
estimates ensue.
Here, the MRC method is extended by producing a frequency estimate first using an initial signal estimate by EGC. Fig. 6.5 presents this method, labeled MRC
(PSD+EGC). The initial signal estimate is obtained using EGC, a simple but effec-
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tive combining method that does not require complex operations. MRC gains at each
sensor can then be calculated using the estimated fundamental frequency, rather than
each sensor calculating their own.

6.2.4

Methods of Blind Source Separation

Blind source separation allows separation of signal sources without knowing about
the signals. Three methods of blind source separation are proposed. The first uses
PCA, the second combines principal component analysis and independent component
analysis, and the third applies the adaptive trend analysis from the previous chapter
as a form of principal components analysis.
Principal Component Analysis
PCA for breathing signal fusion was reviewed in Sec. 2.2.4. Previous work extracted
respiratory motion from just the first component, but required movement detection
and iteration when movements were detected [43]. Assuming however that the breathing signal is simply part of another component allows this to be simplified, although it
does require that a signal is selected from among the first few components each time.
This method is applied here, using the selection combining methods of Sel. (SNRPSD) outlined in Sec. 6.2.2 to select the best candidate component since preliminary
testing showed it to be most resilient of the three tested selection methods. This
is effectively a hybrid system of PCA and selection combining and is labeled “PCA
(Sel.)” and depicted in Fig. 6.6. Selection of the final output was made between the
first three PCA components.
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Figure 6.6: Block diagram of PCA with component selection
Independent Component Analysis
Here we build on the work of Uchida et al. [67], who applied independent component
analysis (ICA) from just two sensors, to examine ICA from many sensors. For an array
that includes more than three sensors, the ICA problem becomes overdetermined.
That is, the number of sensors K is larger than the number of sources, NSRC . To
reduce dimensionality, PCA is often applied first [119], [171]. For NSRC sources,
the first NSRC principal components are collected. With the number of dimensions
reduced to the number of expected sources, ICA is applied. This method is labeled
“ICA-PCA” and shown in Fig. 6.7. As in PCA, selecting the appropriate output
is required and was done here in the same manner as PCA Sel. ICA with PCA
dimension reduction can be implemented using Hyvarinen’s ”FASTICA” algorithm,
which provides a practical optimization of ICA components separated by minimizing
mutual information [119]. These algorithms are available as a package for MATLAB.

Decision Directed Trend Analysis
The method presented in the preceding chapter (Sec. 5.3.4) for adaptively determining
the polarities for reversal detection can be used for combining as well, and can be
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Figure 6.7: Block diagram of ICA using PCA for dimension reduction and selection
combining to select the final signal
viewed as analogous to adaptive PCA, but making use of correlation rather than
covariance. The output of that adaptive process provided a set of weights whose
sign indicated phase reversal. The weights themselves also give an indication of
how correlated each of the signals are to the general trends in the data. By using
the weights as gains, not only can phase reversals be corrected, but signals with
more correlation to the general trends in the data are emphasized. While this is
an adaptive process, constant adaption of fusion weights would affect the breathing
signal amplitude. For applications that analyze signal amplitude, weights should be
updated and applied on a segment-wide basis, rather than sample by sample. To
apply it on a segment, adaptation is run over the first L samples and the weights
at the end of this adaptation are used. Alternatively, for offline processing, any L
samples within the segment can be used.

6.3

Experiment #1: Signal-Level Fusion in Adverse Conditions

The ambient environment and quasiperiodic breathing signals were hypothesized to
play a role in the performance of fusion methods. In this experiment, the effects
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of interference, signal availability, and non-stationary behaviour were evaluated by
comparison between the proposed and conventional methods of signal-level fusion.
Three types of interference were studied, namely white noise, drift, and semicorrelated burst interference from movement artifact. There effect of reduced signal
availability was also explored. To probe these behaviours, the test sets created in
Chapter 3 were put to work. The corrupted sets of the “Reduced Availability Set”,
the “Noise Set”, and the “Drift Set”, as well as the intrinsically disordered sets of the
”Movement Set”, and the “Breathing Set” were used.
Each of the epochs in the test sets were input to each of the fusion algorithms
after phase alignment using DDSRD of the previous chapter. The resulting output
quality was assessed by comparison to the respibands through the correlation coefficient r. Movement was ignored during evaluation but no mitigation of movement
was performed in the input signals.
For the movement set, movement epochs were binned by length of movement.
Length of movement can be related to movement intensity. Not only do longer movements at equal powers produce more movement energy in an epoch, but longer movements actually usually correspond to stronger movement power too. The bins were:
short < 1 s; 1 s <= mid-short < 2.5 s; 2.5 s <= mid-long < 5 s; 5 s <= long. Breathing irregularity was also binned for the breathing set, this time using the standard
deviation of the breathing intervals. The higher the variability in these intervals, the
more disorder and non-stationary behaviour appears in the data.
In addition to the selection To examine the selection accuracy of each algorithm,
the selected sensors were compared to the optimal sensor selection, the sensor with
the best correlation to the respibands.
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6.3.1

Results

For each evaluated test set, four sets of plots are shown. The first three show the
methods grouped in fusion categories of selection, diversity combining, and blind
source separation, respectively. The last displays the best new methods for comparison across categories.
Interference
Interference in the form of noise, drift, and movement were studied. As the SNR was
increased, Fig. 6.8 shows the effect on the correlation to respibands. All methods
show reduced signal quality as noise is added, but in particular, the advantage over
EGC enjoyed by the MRC (PSD) and MRC (Var) methods is narrowed until no
advantage is perceived as noise is added. As noise is added, the MRC (PSD+EGC)
method maintains its advantage over EGC. In fact, the gap widens slightly at high
levels of noise. Sensor selection is the most disadvantaged when noise is present, and
continues to drop as noise is added.
As drift in the sensor signals is increased, Fig. 6.9 shows the effect on the correlation to respibands.
As movement energy increases in the epochs, Fig. 6.10 shows that all correlations
to the respiband decrease. Although optimal selection resulted in stable signal quality,
the selection methods, and in particular the Sel. (SNR) method, deteriorated. The
Sel. (SNR-PSD) method in this instance is better than the sum of its parts, faring
better than both the Sel. (PSD) and the Sel. (SNR) method.
From the diversity methods, EGC was the best performer. This method blindly
sums all of the signals and the movement does not affect its choice of gain. It does
still lose some ground, perhaps one or two of the sensors are affected by movement
after the movement has been declared finished. The MRC (PSD+EGC) method is
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Figure 6.8: Mean correlation coefficient of method outputs compared to respibands
by percentage of added noise corruption
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Figure 6.9: Mean correlation coefficient of method outputs compared to respibands
by percentage of added drift corruption
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able to put its EGC input to good use and overcome some of the spectral problems
that hinder the MRC (PSD) method during movement.
The blind source separation methods were the least affected by movement. The
advantage of selecting the PCA component is seen here, where PCA drops while PCA
(Sel.) is able to hold some of its ground. The Adapt RD method is very resistant to
the movement and only drops a small amount.
Availability
As the number of sensors with a good breathing signal is varied, Fig. 6.11 shows the
effect on the correlation to respibands. As in theoretical expectation for the SNR,
the selection method levels off and increases at a lower marginal rate for every added
sensor than EGC. MRC provides better results than EGC. However, the method of
obtaining the signal and noise power estimate makes a difference, as SNR climbs at
a slightly higher rate for MRC (PSD) and MRC (PSD+EGC) than for MRC (Var).
Variability in Breathing Period
Fig. 6.12 displays how variability in the breathing period affects the fusion methods.
Generally, all methods are equally affected. However, the spectral-based selection
methods are slightly more affected than the others and drop off more quickly than
the Adapt RD and MRC (PSD+EGC). The SNR method is particularly affected
by breathing irregularity and just a few added samples of irregularity reduced its
advantage over the Sel. (PSD) method. The PCA (Sel.) method is also affected since
it depends on selection. In this instance, without interference, PCA without selection
performs better. It is somewhat surprising that the MRC (PSD+EGC) method does
not drop off too, given its reliance on spectral estimations.
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Figure 6.11: Mean correlation coefficient of method outputs compared to respibands
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6.3.2

Discussion

The MRC (PSD+EGC) and Adapt RD methods provided better estimates of the
breathing signal overall. For patients who are constantly moving, such as those with
restless leg syndrome, and for those with breathing disorder, these two methods are
especially appropriate. However, if environmental conditions are poor, it is sometimes
beneficial to choose another method. Both methods are not as good when signal
availability is low, and Adapt RD can be affected by drift.
In stationary conditions, MRC yields the optimal weights to maximize SNR. In
communications systems, where the signal and noise powers of harmonic signals at
known frequencies are being measured, this optimality generally holds. However, in
this application, determining the signal and noise power is not as clear-cut. Spectral SNR estimates for non-harmonic, quasi-periodic signals with multiple sources
of interference are only at best relative measurements. Spectral estimates may not
accurately assess what is “signal” and what is “noise”. The MRC methods presented
here adopt a model of a respiratory signal that is mostly sinusoidal with negligible
signal power in the harmonics. Spectral signal estimates included only the power in
the fundamental lobe and ignored the power contained in harmonics, which could
contain appreciable power. It is also possible to get false estimates due to periodic,
undetected movements, or the systemic variance in the periodogram. Similarly, irregular breathing rates that smear the signal power across many frequencies may also
result in a poor signal power estimates.
In as much as the spectral signal and noise estimates are not necessarily accurate, they tended to improve results compared to temporal measures. This was seen
generally by comparing MRC (PSD) and the MRC (Var) method. MRC (PSD) did
have poorer results when movement artifact was present, which was likely due to a
fallacious peaks appearing in the PSD. Selection of such a peak as a fundamental

128
frequency leads to poorly assigned signal gains. By using the frequency estimate
from EGC, MRC (PSD+EGC) negated MRC (Var)’s advantage during movement.
Movement may violate the assumption of uncorrelated and stationary noise that is
required in MRC, but this was not shown to be particularly a problem for MRC
(PSD+EGC).
Generally, the selection methods perform poorly compared to the methods that
make use of more sensors. However, there are a few scenarios where this method may
be preferred. If the bed occupant is small and is expected to cover few of the sensors,
sensor selection is practical. Conversely, if the bed occupant is obese and many of the
sensors will saturate, leaving few with an available respiratory signal, sensor selection
is also useful. Finally, if simplicity is the main objective, the selection method does
not require reversal detection and is simpler than PCA (Sel.).
Of the selection methods, the spectral ratio method provided a good trade-off for
performance when tested in conditions of both breathing irregularity and movement
artifact. For all selection methods, there is still room for improvement compared to
the correlations achieved by choosing the optimal sensors, particularly during strong
movement. However, since the optimal selection method is retrospective, it has the
advantage of hindsight when selecting the breathing signal. It is unlikely that any
real-world algorithm would would do as well. Nevertheless, in the presence of limb
movements, there may be some merit to its performance since there could be sensors
unaffected by localized movements. Future work at improving sensor selection could
yield big improvements.
The ICA-PCA method performed poorest of all of the methods. This method
expects the signals to contain a linear mixture of the source signal, which is not the
case. While the concept of a single respiratory effort signal is assumed, respiratory
effort is made by a number of muscles in the body, principally the intercostals and
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the diaphragm. The single effort signal source does not actually exist. Additionally, sensor responses can be non-linear and non-uniform according to the location
of loading with respect to the sensor, and vary from sensor to sensor, as explored in
Chapter 4. Furthermore, the required three signal sources may not always be present
in the signal. Indeed, the BCG may not have been often available and for clean
records without appreciable interference, only a small noise signal would have been
seen. Some tests were run with only two signal sources, but this did not measurably
improve ICA-PCA performance. Chen et al. dismissed ICA as being unsuited to ambient breathing fusion because of the delays that were present in the signal between
the sensors. Certainly delays are sometimes apparent between signals and contribute
to the problem, although signal alignment is a more solvable problem [53] than the
unknown non-linearity introduced in each signal.
The problem of differing breathing effort signals dependent on the sensor location
may also affect the optimality of MRC combining, which requires that the multiple
signals to be combined hold “closely similar copies [of] the desired signals [114]”.
However, the somewhat-similar copies were enough for MRC-PSD to produce one
of the best results in most circumstances. The results of the signal availability test
set highlight the advantage of having multiple sensors carry a somewhat-similar copy
of the desired signal. All algorithms provided marked improvements as the number
of sensors carrying the signal increased. When designing a bed-based sensor array
system, spatial resolution is often chosen with position and posture classification in
mind; however, it can also be advantageous to increase the number of sensors in an
array to produce breathing signals of better quality. It is important to add more
sensors by increasing the density of sensors beneath the torso rather than just adding
to overall array dimensions. A larger number of sensors clustered beneath the torso
would allow more sensors to carry breathing signals, but sensors added near the feet
would add movement artifact without the benefit of supplemental breathing signals.
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In conditions with few sensors carrying the desired signal, an algorithm should
allow for weightings of zero or very close to zero at sensors not carrying the signal.
Otherwise, adding these signals into the output only adds noise. Although the MRC
(PSD+EGC) does allow for very small weightings, the inherent variance of the power
spectrum estimate means that some sensors will have an artificially high weighting.
Furthermore, since the breathing signal is not stationary, the power spectral method
may underestimate the signal power, leading to artificially low weighting on the few
sensors carrying the signal. Similarly, the selection method of Sel. (SNR) is adversely
affected by these inaccuracies in SNR estimates.

6.4

Experiment #2: Validation of Experimental
Results

To see the impact of the fusion methods on regular analysis, the “Validation” set was
analyzed. All of the 11 methods tested in the previous experiment were validated
against the validation data set described in Sec. 3.3.4.

6.4.1

Results

The mean respiration rate error and the percentage of estimates within 1 BPM are
shown in the barcharts of Fig. 6.13. This generally matched the signal quality results:
¯ estimated respiratory rate more accurately.
methods with higher |r|
Table 6.1 provides a resume of results for the output signal quality of the validation
set records.
Boxplots of all of the quality outputs were constructed for comparison between the
methods, shown in Fig. 6.14. Student’s right-tailed t-tests appraised the significance
of the quality improvement of the top method, Adapt RD against all other methods,
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Figure 6.13: Barcharts of respiratory rate agreement with respibands by fusion
method

Table 6.1: Performance of breathing fusion methods applied to validation records
¯
|r|

C.I.(low, high)

r ≥ 0.7 (%)

Sel. (SNR-PSD)

0.864

(0.861, 0.867)

87.4

Sel. (SNR)

0.846

(0.842, 0.849)

84.2

Sel. (PSD)

0.848

(0.845, 0.851)

85.4

MRC (PSD+EGC)

0.889

(0.886, 0.892)

90.4

MRC (PSD)

0.887

(0.885, 0.890)

90.0

MRC (Var)

0.884

(0.881, 0.887)

90.1

EGC

0.887

(0.885, 0.890)

90.7

Adapt RD

0.892

(0.889, 0.894)

90.7

PCA (Sel.)

0.874

(0.871, 0.877)

88.1

PCA

0.844

(0.840, 0.847)

82.6

ICA-PCA

0.733

(0.729, 0.737)

64.3
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Figure 6.15: Bland-Altman plots of extracted respiration rates comparing respiband
and ambient sensors for Adapt RD and MRC (PSD+EGC) methods
rejecting the null hypothesis of no improvement at p = 0.05. The pairwise difference
for |r̄| between Adapt RD and all methods was significant for all methods (p <= 0.001
for all but MRC (PSD+EGC), which was at p = 0.002).
Fig. 6.15 depicts Bland-Altman plots for the respiratory rates calculated from the
extracted signals. These results are very similar, but the Adapt RD method does
display an advantage over the MRC (PSD+EGC) method at the highest respiratory
rates, where all of the points higher than 30 BPM lie inside its standard range. At
lower rates, however, it seems to produce outliers that are a little further away from
the center than the MRC (PSD+EGC) method does.
Table 6.2 compares the impact of respiratory rate extraction by participant for
the Adapt RD method. Median absolute error was 0 for all participants. Variability
between participants was again pronounced, with P49 producing over 90% of its
epochs within 1 BPM, while P61 produced just below 72% within 1 BPM and was
the only one with a mean absolute error above 1 BPM. On the other hand, P61 did
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Table 6.2: Statistics of respiratory rate estimation from signals fused using Adapt
RD, listed by participant
P49

P61

P82

P89

P95

All

Median respiband rate (BPM)

16.60

16.32

14.75

12.68

12.15

14.78

Median Adapt RD rate (BPM)

16.73

16.90

15.03

13.17

12.27

15.18

% not available

0.21

0.39

0.89

0.55

1.32

0.65

Mean |error| (BPM)

0.45

1.08

0.78

0.69

0.62

0.73

Median |error| (%)

0.61

1.02

1.05

1.50

1.05

0.99

Mean |error| (%)

3.33

8.17

5.79

6.36

5.75

5.88

% |error| < 1 BPM

90.69

73.22

81.24

80.00

85.46

82.09

not have any epochs without discernible breaths.

6.4.2

Discussion

Most of the fusion methods compared here, except perhaps ICA-PCA, offered satisfactory results for combining breathing signals of the validation records. It is interesting
to juxtapose the signal qualities of this experiment (Table 6.1) to those of the previous chapter (Table 5.1). Since the EGC results of this chapter and the DDSRD
results of the previous chapter represent identical algorithms, the results can be compared. Although EGC was shown to be superior to selection combining here, when
combined with less successful methods of reversal detection, such as spectral phase
or correlation, its performance was inferior. This is perhaps why selection combining
is a somewhat popular combining method for bed-based systems. Despite the fact
that Adapt RD is in both tables, it represents slightly different algorithms. In the
previous chapter it used only the sign of its weights. Making use of the magnitude of
¯ by 0.05.
the weights improved |r|
The improvements offered by the magnitude could also be seen in the rate results.
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The rate results can also be compared between chapters in Table 5.2 and Table 6.2.
These tables are largely similar, but mean and median error both had incremental
decreases. Mean error nudged lower from 0.74 to 0.73. Another 0.1% of records fell
within the 1 BPM error range, representing more than 550 more records within that
range (of the 11 000+ records tested).
Breathing rate estimates using ambient systems can be quite precise. Kortelainen
et al., used PCA to extract the respiratory intervals within an average error of just
1.5% [43], which is similar to the median error reported in table 6.2. Average errors
here were larger, averaging almost 6%, but this represented a 0.73 BPM mean absolute
error, which is lower than the error reported by Aubert and Brauers [27] of 1.25 BPM
from a single wide area sensor (30 cm x 60 cm). Mack et al., working with a single
differential sensor, reported breathing rate error as a standard deviation of the error,
at 2.1 BPM. In this work, the standard deviation of the error was 1.65 BPM. The
higher number of sensors that were used in Kortelainen’s analysis (160 sensors) and
here (48 sensors) would have likely improved the SNR of the breathing signal. Again,
the improvement gained by increasing the numbers of sensors may be seen.
This chapter examined linear combining methods of data-level fusion, but nonlinear fusion methods could also be examined in future work. Wavelet signal fusion
and EMD analysis are non-linear combining technique that may be suited to these
non-stationary signals.

6.5

Summary

Three broad categories of ambient signal linear combining for breathing signal fusion
were analyzed: sensor selection, diversity combining, and blind source separation.
To this end, spectral estimations of signal and noise power were detailed and used
in new methods in all three broad categories. Eleven methods of linear combining
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were compared. The methods that performed best for fusion of real-life breathing
signals and that were most resilient to simulated signal degradations were a diversity
combining method, maximal ratio combining (MRC (PSD+EGC)) and a blind source
separation method. The latter was based on the adaptive method of reversal detection
developed in the previous chapter, Adapt RD. These two methods provided an overall
better estimate of the breathing signal. By applying Adapt RD here, mean respiratory
rate error fell another 5%, compared to the best fusion results of the previous chapter.
However, in specific scenarios other algorithms performed better. For instance, sensor
selection and principal component analysis methods performed well when few sensor
signals carry available breathing signals. Furthermore, these two methods did not
require a separate reversal detection stage prior to fusion. Reversal detection can make
or break the benefits derived from diversity combining algorithms; it was revealed that
sensor selection performs better than these methods when reversal detection is poor.

Chapter 7

Ensemble Fusion by Environmental
Context Awareness
In the previous chapter, a number of fusion methods were analyzed towards extraction
of quasiperiodic signals from ambient sensors. Although some methods were generally
better than others, there was no free lunch: no method always produced superior
results. Depending on the interference and intrinsic signal conditions present with
the input signals from the sensors, one method might produce superior results in one
situation but poor results in another. For example, the proposed MRC (PSD+EGC)
method performed better than other methods when movement artifact was present in
the signal, but saw diminished performance when few sensors carried the breathing
signal.
This chapter proposes to take advantage of this diversity of performance and
tap into each method’s strengths. By using an ensemble of fusion methods and
selecting the best method for the given conditions, a more robust system is possible. A
manuscript of this work, albeit using a linear classifier rather than the SVM presented
here, has been accepted for publication in [56].
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7.1

Introduction

Many sources of signal degradation and interference exist in the ambient sensor environment. Fig. 7.1 displays some of the many environmental and signal factors that
can affect the input signal from sensors and ultimately impact the fusion performance. These include factors related to the sensors themselves, such as noise and

Figure 7.1: Environmental conditions affecting fusion methods and its output signal
quality
drift, factors related to the location of the sensors, such as signal availability, factors
related to interference from other signals in the environment, and factors related to
the real-world physical signals to be extracted, namely non-stationarity in its period
(quasiperiodic behaviour), irregular signal shapes, and changing amplitudes.
If the optimum method for every epoch was known a priori, significant improvements could be made to the combining performance. However, the choice can only
be made by examining the factors and choosing the expected best. The problem becomes not only how to make use of multiple fusion methods, but also how to estimate
the conditions present in the data due to the environmental situation of each sensor
and the intrinsic signal properties. The sensor signals themselves must be mined to
provide this information.
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The proposed method mines the sensor signals to provide the environmental context. The proposed method of ensemble signal fusion using environmental and signal
context is outlined in Sec. 7.2, including a description of the fusion blocks, the contextual features, the classifier, and the training procedure. Optimization of the classifier
is then described in Sec. 7.3.

7.2

Method: Ensemble Signal Fusion using Environmental and Signal Context

Ensemble methods allow many weak methods to achieve superior performance, as
long as there is diversity among them [172]. Generally, ensemble systems refer to the
use of multiple classifiers. Ensemble methods have been used for fusion tasks, but
these have been for feature level fusion [173]. Here, a single classifier is implemented
with multiple combining/fusion methods to perform data-level fusion.
The block diagram of the proposed contextual selection system is depicted in Fig.
7.2, making use of an ensemble of fusion methods. A “fusion agent” is presented as

Figure 7.2: Block diagram of ensemble fusion using environmental and signal context
an individual fusion block which takes M inputs from the sensor array, applies signal
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conditioning that is appropriate for its fusion method and outputs its representation of
the original signal. These are labeled F1 , F2 . . . FC in the diagram. The output signals
from each of the fusion agents are in turn fused using a selection based method. Rather
than maximizing a fitness function to select the fusion agent, a trained classifier selects
the most appropriate one, given environmental context features and signal quality
features.
The candidate fusion agents used in this work are the 11 fusion methods appearing
in the previous chapter.

7.2.1

Contextual Features

To estimate the conditions present in the data due to the environmental situation
of each sensor and the intrinsic signal properties, features can be extracted from the
sensor signals. To provide information regarding the environmental conditions of
interference, the following features were calculated:
move%: Percent of the record with detected movement
maxSNR: maximum estimated signal to noise ratio (SNR) in dB
meanSNR: mean estimated SNR in dB
meanrange: mean range of the signal in the record
maxSDR: maximum estimated signal to drift ratio (SDR) in dB
meanSDR: mean estimated SDR in dB
Maximum and mean values refer to statistics collated across all input sensors. To
provide information regarding the signal quality, the following features were extracted:
SNR: Mean output SNR in dB
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mri: Mean interval between breaths detected in the record
sri: Standard deviation of the interval between breaths detected in the record
nsri: Standard deviation of the interval between breaths detected in the record, normalized to the mean interval
These signal quality features were extracted from the output of each fusion agent, so
for every record, there are C mri and C sri features. All of these features were chosen
as being non-specific to a given array size or orientation.
Scaling of features is an important consideration, as most classifiers prefer normalized features to unbounded values. This keeps any one feature from overpowering
the others and standardizes the inputs. Scaling was performed to a [0, 1] range, by
subtracting the minimum value and dividing by the total range. There were a few
outlying SNR values, and so SNR was clipped from -15 to +50 dB before scaling.
Scales were determined from the training set, without knowledge of the scales of the
test data. It is therefore possible for test data to go beyond the [0, 1] range.

7.2.2

Classification

The approach outlined here is independent of the type of classifier used. To achieve
good results, the chosen classifier must be able to generalize the problem, given input
training samples. In this work, an support vector machine (SVM) classifier is used.
Comprehensive tutorials on SVM classifiers are available in [174] and [175].
SVM classifiers divide the data space using hyperplanes, somewhat like linear
classifiers. Unlike linear discriminants, they maximize the margin between the classification boundary and the training points nearest to it [174]. These training points
are called the support vectors. For datasets without clean boundaries, that are nonseparable, a cost parameter is added to allow misclassifying some samples while
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minimizing the cost [176]. SVM’s provide generally accurate classification performance [175]. Although they are based on linearly separation, a kernel function provides non-linear mapping so that they may be used to classify non-linear boundaries [176].

7.3

Optimization

It is important to avoid the “curse of dimensionality”. That is, although additional
agents or features provide more information to the classifier about the task at hand,
higher complexity makes it easier to overtrain the classifier. Overtrained classifiers
represent the specific trained set, but do not generalize the problem. Reducing the
number of classes to discriminate helps to reduce complexity and improves general
classification accuracy.
To acheive good results, the classifier must be able to generalize the problem, given
the input training samples. To achieve good generalization, without overfitting the
data, regularization is required. In this section, we outline methods of regularization
that were applied to the problem.

7.3.1

Fusion Agent Optimization

Selecting only the best fusion agents for inclusion in the classification task reduces
the complexity of classification. This can be seen by considering a random classifier.
Let Call be the total number of fusion agents available. If the prior probability of
any fusion agent being the best in a given situation are equal between agents, the
probability of randomly selecting the correct one is

1
.
Call

If only C fusion agents

are used instead, where C < Call , the classification accuracy increases. However,
it is important that the C fusion agents are selected wisely. Classification accuracy
may increase, but if the classifier is choosing among C poor fusers, output fusion
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performance is limited by their fusion ability.
To optimize the fusion agents, agents were selected sequentially according to their
performance on training data. First, the agent that had the best overall performance
was chosen. Then, one at a time, candidate agents were evaluated for addition to the
set of selected agents by five-fold cross-validation, including only the selected agent
set and the candidate agent. After every agent was evaluated, the agent that resulted
in the highest performance was selected and added to the set of selected agents. At
the next iteration, only the remaining agents were evaluated. This continued until all
candidate agents were ordered. Concurrently, the best possible performance possible
using only the selected agents was evaluated as the optimal result in addition to
the performance of a five-fold uniform random selection. This latter provided a lower
bound of performance while the former was an upper bound. Since classifier accuracy
will tend to fall with increased output classes, the output signal quality was used to
judge performance rather than classification accuracy. Once agents were ranked, the
resulting performances were evaluated and the top agents were selected.

7.3.2

Classifier Optimization

When training an SVM, there are two main areas of optimization: the kernel choice
and the associated parameters. The first is choosing the kernel function that to
remap a linear space into a non-linear separation. A radial basis function (RBF)
is a practical default choice [177], although other choices such as a polynomial or
sigmoidal functions are also popular. RBFs only require tuning a single parameter,
gamma. γ determines the radial width, which decreases as γ increases:
2

k(x, y) = e(−γ||x−y|| ) .

(7.1)
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This parameter must be optimized, alongside the “cost” parameter. As outlined in
Sec. 7.2.2, the cost is a weighting given to misclassified points in non-separable data.
By judiciously tuning these parameters for the desired application, good generalization of the training data occurs and leads to an accurate classifier.
A grid-search method was used to tune the parameters. Pairs of γ and cost were
set along a grid and five-fold cross-validation was used to estimate the performance
of the classifier according to both accuracy and mean output signal quality. Values
of γ ranged exponentially (base 2) from 0.125 to 16, while cost ranged exponentially
(base 2) from 1 to 256.

7.4

Experiment

To test the hypothesis that an ensemble of fusion agents can provide better fusion, an
experiment was run using all of the fusion agents presented in the previous chapter.
Training data sets were created from the simulated corruption records including
noise, drift, and reduced signal availability, as well as from the main training set
of uncorrupted records. To balance the dataset, the same number of records was
retrieved from each set using uniform random sampling. 6500 records were selected
by uniform random sampling, without replacement, from each set. A total of 26
000 records were available for training. To allow for testing with corrupted data, the
training data was split into two along a randomly sampled 90%/10% split. The larger
set of 23 400 records remained for training, while the smaller set of 2 600 records was
left for final testing.
Testing was performed in MATLAB using LIBSVM, an open source library for
SVM classification with a MATLAB interface [178]. Due to the large number of
records in the training data and the time required to train a classifier, a subset
of records (5000) was randomly selected for fusion agent selection and parameter
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Figure 7.3: Classification accuracy drops as the number of fusion agents increases,
but output signal quality improves – up to a point.
optimization.
As in the previous chapters, data from the five participants not included in the
previous data was used for a final test. In addition, the data from the multi-mattress
experiment was revisited and the results with that set were also reported.

7.4.1

Results

Fusion Agent Optimization
For every added agent, classification accuracy drops as there is more probability of
a selection error. Even so, the quality of the final output signal need not decrease
and may improve, even with poorer classification performance. Fig. 7.3 shows how
classifier accuracy drops as fusion agents are added to the ensemble yet signal quality
initially rises. The classifier provides signal quality performance that far exceeds the
random selection, but still has room to improve towards optimal selection. The drop
of random selection accuracy at C = 7 can be attributed to adding the ICA-PCA
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classifier, which has generally poor fusion performance, but does provide the best
option in a handful of records.
Once the complexity of the classification task is too high, with too many added
agents, signal quality decreased. C = 4 was selected as the number of agents to use.
It could be argued that given the confidence intervals overlap, three would also be a
valid choice. Error bars based on the variance of errors on cross-validated data are
invariably biased [179]. The error bars shown represent the standard deviation of the
cross-validation evaluation, which does not take into account the number of samples
tested for each fold and may overstate the interval. The selected agents were, in order
of selection (agent label c in brackets): “MRC (PSD+EGC)”(3), “Sel. (PSD)”(1),
“Adapt RD”(4), and “EGC”(2).
Table 7.1 breaks down the fusion agent optimization by signal quality performance
¯ the percentage of the records in the set that a given method was the best, the
|r|,
ranking of the fusion methods, and the labels c given to the chosen methods (a label
of 0 indicates the method was not selected). The qualities listed here differ from the
quality of the methods in the validation data of the previous chapter (Table 6.1),
since this dataset emphasizes poor conditions. The rankings do not align with the
listed quality since the best results are achieved when agents cover diverse conditions.
For example, MRC (PSD) provides better performance than Sel. (PSD), but is likely
to perform well in the same conditions that MRC (PSD+EGC) does. The first three
selected methods were each from the three major categories of combiners: weighted
summation combiners, selection combiners, and blind source separation combiners.
Parameter Optimization
Fig. 7.4 shows the effect of the cost and γ parameters on classification accuracy by
displaying the results of the grid-search. Classification performance was generally
poorer for higher values of cost and γ, however this pattern did not extend to the
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Table 7.1: Evaluation of fusion agents from training data: general signal quality,
percentage of records as top agent, computed ranking, selection label, and percentage
of records as top agent among selected agents
¯
|r|

% Best

Rank

c

Top % Best

Sel. (SNR-PSD)

0.824

1

5

0

0

Sel. (SNR)

0.794

7

11

0

0

Sel. (PSD)

0.832

17

2

1

26

MRC (PSD+EGC)

0.841

17

1

3

37

MRC (PSD)

0.826

8

10

0

0

MRC (Var)

0.807

8

6

0

0

EGC

0.826

4

4

2

9

Adapt RD

0.823

12

3

4

27

PCA (Sel.)

0.828

15

9

0

0

PCA

0.794

7

8

0

0

ICA-PCA

0.702

4

7

0

0

signal quality. The best region was to keep the parameters in a mid-range, and extend
one of them further than the other. Selected parameters were the pair generating the
best signal quality, with cost= 18.5 and γ = 1.25.
Fig. 7.5 shows that optimizing for classification accuracy directly increases output
signal quality, although in some areas of the grid, a bifurcation occurred. This could
be because the classifier was increasing accuracy between the top methods, where
signal quality differences were small, at the expense of letting some of the records
with larger quality differences be misclassified.

148

16
54

14

53

10

51
8

50

6

49

0.865

12

0.864

10
0.863
γ

52

Accuracy (%)

12

γ

14

8
0.862

6

4

48

4

0.861

2

47

2

0.86

Quality (R)

16

46
50

100 150 200 250
Cost

50

(a) Classification Accuracy

100 150 200 250
Cost

(b) Output signal quality

Figure 7.4: SVM parameter selection: Classification accuracy and signal quality
according to cost and γ

0.865

Signal Quality (R)

0.864

0.863

0.862

0.861

0.86

46

47

48

49

50
51
Accuracy (%)

52

53

54

Figure 7.5: Output signal quality with respect to classification accuracy: signal
quality rises with classification accuracy

149
Test and Validation Performance
Table 7.2 displays the results of testing classifiers trained with the full training data
on the test sets. The synthetic test set refers to the 10% of training records set aside
for final testing and includes synthetic corruptions. Multi-participant refers to the
validation data set from the last five participants of the multi-participant experiment,
also used for testing in the previous chapters. Optimal methods and random choice
methods are also shown for comparison. Finally, Adapt RD and MRC (PSD+EGC)
are also included to show the improvement gained by ensemble fusion over picking
just one of these. The random classifier results were from random selection of the four
selected agents, iterated 100 times over the test sets. The contextual method shows
Table 7.2: Performance of fusion methods applied to the test sets
Synthetic

Multi-Participant

Multi-Mattress

(Acc. %)

(R)

(Acc. %)

(R)

(Acc. %)

(R)

Optimal

100.0

0.884

100.0

0.909

100.0

0.897

Context

55.2

0.872

40.0

0.893

41.2

0.877

Adapt RD

26.7

0.831

30.8

0.892

18.4

0.870

MRC

36.7

0.849

35.6

0.889

40.2

0.875

Random

25.4

0.839

24.6

0.879

24.9

0.863

large improvements over choosing either MRC or Adapt RD for the test set with added
synthetic corruption. It is able to correctly select the best fusion agent for each record
over 50% of the time. In this set, Adapt RD shows poorer performance than random
selection as the inclusion of drift records degrade its results and the other agents
provide better performance. For the multi-participant experiment, the contextual
ensemble method provides 10% better accuracy than selecting Adapt RD, which
leads to an incremental improvement in signal quality, and edged up the percentage
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¯ from 90.7% to 90.8%. The multi-mattress experiment
of good quality records (|r|)
had MRC (PSD+EGC) as the single top method rather than Adapt RD. Again, the
contextual ensemble was able to depend on the known conditions and select better
agents.
Fig. 7.6 shows the confusion matrices for the SVM output, comparing the selected
fusion agent to the target agent. From the confusion matrices, it can be seen how
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Figure 7.6: Confusion matrices for selected agents performance over the test sets.
The columns indicate the target agents and the rows the output agents. The diagonals
represent the true positives. Ordered from left to right, top to bottom: 1. Sel. (PSD),
2. EGC, 3. MRC (PSD+EGC), 4. Adapt RD. The grey row along the bottom and
column on the left represent totals.
the contextual classifier chooses MRC (PSD+EGC) and Adapt RD more often for
the multi-participant experiment, but Sel. (PSD) and MRC (PSD+EGC) more often
for the multi-mattress experiment. There are still more incorrect selections rather
than correct ones. Given the overlapping data present in the sets data, it perhaps
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not surprising that it is not always able to choose the optimum value. For falsely
classified data, it is possible that the optimum agent for a particular record is not
measurably better than the selected agent.
Table 7.3 compares the impact of respiratory rate extraction for the context
method between all three experimental test sets. Compared to the multi-participant
Table 7.3: Statistics of respiratory rate estimation from signals fused using ensemble
fusion with contextual awareness for the multi-participant experiment
Synthetic

Participant

Mattress

Median respiband rate (BPM)

15.35

14.78

14.07

Median context rate (BPM)

15.42

15.13

14.46

% not available

4.19

0.41

0.52

Mean |error| (BPM)

0.61

0.71

1.02

Median |error| (%)

0.85

1.01

1.48

Mean |error| (%)

4.52

5.69

10.48

% |error| < 1 BPM

88.48

82.82

77.26

results in the previous chapter, mean BPM error has nudged down by 2.8% from 0.73
(Table 6.2) to 0.71, although median error as a percent of the respiratory rate has
increased by 2.0%. The percentage of epochs with error less than 1 BPM has nudged
up. The number of epochs without detectable breathing has fallen, from 0.65% to
0.41%, representing just over 25 more epochs from the 11 000+ records. The multimattress experiment has a larger mean absolute rate error than the multi-participant
experiment, but 1.02 BPM still represents an improvement over both Adapt RD at
1.06 BPM and MRC (PSD+EGC) at 1.15 BPM and provides 1.5% more epochs with
rates within 1 BPM (77.3% vs. 75.7% and 75.4% respectively).
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7.4.2

Discussion

As with other ensemble methods, the ensemble of fusion agents was able to outperform
the best single agent. By selecting between agents based on contextual information
mined from the sensor inputs and the agent outputs, output signal quality improved
in difficult conditions. Creating features that provide good clues regarding the possible conditions in the data is essential to success. The features that were chosen
here were able to supply the classifier with the information required to make an informed decision for many ambient conditions and signal characteristics. Even in the
relatively clean data of the multi-participant and multi-mattress test sets, the classifiers encountered conditions that required each of the fusion agents to be selected
at least once. Furthermore, the fusion agents that worked best for each of these sets
were different and the contextual classifier was able to improve over the best constant
method in both of these situations.
The use of an SVM, a relatively advanced classifier, performed better than a
simpler linear classifier. The feature sets showed that the classification boundaries
were not linearly separable and by using the SVM, non-linear boundaries were created.
Initial testing using a linear classifier showed that performance for corrupted data was
also improved, but by a smaller margin. Furthermore, performance for less-corrupted
sets, such as the multi-participant and multi-mattress sets were not improved over
the top methods, although fusion performance was still generally good, matching at
least the second-best method.
Optimization of the classifier was performed to select top fusion agents and good
parameters. Further optimization could improve results, such as studying whether a
different kernel is more appropriate or doing feature selection. SVM classifiers do not
suffer as much as other classifiers might from the ”curse of dimensionality” since their
use of maximized margins helps protect against overfitting and they use a simple linear
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decision rule [174]. However, overfitting can occur by choosing the SVM parameters
poorly and some feature selection has been shown to offer improvements [180]. In the
feature set used here, there was some overlap in the features that may be unnecessarily
complicating the classification without offering additional information. In particular,
the nsri feature is a combination of the mri and sri features. Even the optimizations
that were performed could be improved since exhaustive searches were not performed.
A particle swarm method of simultaneous feature selection and parameter selection
could find a more optimal combination [181]. A feature that was not used here,
but that could offer insight into environmental conditions is the posture of the bed
occupant, inferred from the data through a posture classification algorithm. Assessing
and improving the accuracy of the features themselves when data corruption is present
may also realize a more robust system.
The final trained classifier is sensitive to the corruptions present in the training
data. It was found during fusion agent optimization that the selection of fusion agents
depended on which data sets were presented during training. For instance, if movement data from the base training set was not present during training, the system did
not learn that this interference was important and disregarded the fusion agents that
worked better during movement. Additionally, when the number of training points
for one type of condition was reduced compared to other conditions, the classifier was
less likely to optimize for that condition. An equal number of training points from
each type of condition is preferable. However, if the application is expected to suffer
from one condition more than others, it could be useful to weight the training set
towards that condition.
In this work, the fusion of fusion agent outputs was accomplished using a selection
method. It would be possible to use a weighted output method so that the final output
is a weighted combination of the fusion agents’ outputs. In the previous chapter,
weighted combining was shown to perform generally better than selection combining.
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For example, an ensemble of regression agents could be used to learn the expected
signal quality for the conditions and the output predicted quality used to weight the
fusion.
The ensemble method was used here to choose the best fusion agent, but it could
also be used in a similar manner on the methods presented in Chapter 5, to choose an
optimal reversal detection method. This could be used to improve reversal detection
and the fusion methods that rely on this detection, namely the diversity combining
methods of MRC and EGC.
When signal quality is not paramount, the implementation of multiple fusion
methods and a classifier may be too complex. However, given the medical application,
where critical health decisions may be made based on the extracted breathing signal,
added complexity may be justified. The issue of what is “good enough” arises. While
the mean signal quality improvement is assessed here, it is the switchover of epochs
from poor to adequate signals that reduce the possibility of making bad medical
decisions. Every additional 1% of epochs with good signal quality translates into an
extra five minutes a night of solid monitoring. For the difficult conditions present in
the test data here, contextual selection supplied respiratory rates within 1 BPM of the
respibands for 2% more of the night. While this might not represent a large portion
of the night, it may be that this portion contains the most salient information, since
difficult fusion conditions go hand-in-hand with disordered breathing. Not only may
this extra monitoring time provide salient information that is missed otherwise, but it
also reduces the burden of detection of poor epochs. A poor signal may be worse than
no ambient monitoring at all if the poor signal quality is not recognized and medical
decisions are made from the poor signal. For example, misdetecting breaths from
interference peaks while apneas are actually present could provide a false negative for
sleep disordered breathing and screen a patient away from receiving sleep medicine
care.
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7.5

Summary

An ensemble of fusion methods, or fusion agents, was assembled, selecting between
each possible fusion agent given the conditions present in the input and output signals.
Ranking and selecting fusion agents resulted in four agents chosen, with at least one
from each of the general categories of agents presented in the previous chapter. The
ensemble-based context selection method was able to more accurately fuse corrupted
records than the top fusion agent, MRC (PSD+EGC), providing the best signal
quality possible in over 50% of the test records, compared to just over 35% for MRC
(PSD+EGC). For the multi-participant and multi-mattress experimental data, it was
able to select the best algorithm 40% of the time, and nudged up signal quality and
the number of records with less than 1 BPM error for both. While the increase was
minimal, the best pre-selected method for each set varied. With contextual selection,
results were consistently good across all sets. When conditions are expected to be
good, similar to laboratory conditions, it may not be worth the added complexity to
implement an ensemble fuser. However, for medical applications and in scenarios of
unknown signal conditions, it provides a more robust system.

Chapter 8

Applications in Clinical Care
This chapter applies the ambient monitoring system to observing actual patients, either at home or in an institution. The incorporation of ambient technology into clinical care is discussed, with emphasis on two potential clinical applications: cognitive
function, and palliative care. The application in palliative care is further developed in
two pilot studies with participants from the Palliative Care Ward at Elisabeth Bruyère
Hospital. The first study examined patient motion, where researchers watched and
recorded the movements of palliative care participants around the clock. These annotations could be compared directly to motion information extracted from collected
sensor data. The second study performed long-term breathing analysis. Breathing
signals were extracted from palliative care participants, with comparison to overnight
data from healthy participants.
Preliminary long-term breathing analysis of palliative care patients was published
in [57] and [182]. Apnea detection via the pressure variance appears in [59–61].
Preparatory work regarding incorporating ambient technology in the home appears
in [58, 62].
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Figure 8.1: A sensorized bed for ambient care

8.1

Incorporating Ambient Technology into Clinical Care

Bed-based sensing is a natural medical monitoring fit. Benefits can be realized for
both home care and institutional care, since beds are common to homes, hospitals
and other institutions. Healthy individuals spend almost one third of their lives in
bed [183], and as healthy people fall sick, they spend a larger proportion of their day
in bed. Ambient health monitoring offers the potential for long-term observation,
screening, rehabilitation, and even alarm activation for assistance, as depicted in
Fig. 8.1.
Sleep medicine has understandably been a primary target application for researchers working with bed-based ambient systems. However, two overlooked fields
of clinical care that could benefit from ambient systems are cognitive medicine and
palliative care. The role of ambient technology for each of these clinical care fields,
and specifically how the bed-based sensor system could be incorporated, is detailed
in the following sections.
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8.1.1

Applications in Cognitive Medicine

Wai et al. proposed monitoring of cognition impaired adults with a pressure sensing
bed [71] in order to prevent bed sores from lying in bed too long. However, much
more is possible in this field, both for monitoring mild cognitive impairment (MCI)
and dementia.
MCI has been receiving attention in recent research because it is an intermediate
state between normal healthy aging and dementia, such as Alzheimer’s disease [184].
Capturing the conversion between the states of MCI and dementia is critical for
prompt initiation of medication, thus slowing the progression of cognitive decline.
Current monitoring of patients with MCI is infrequent, typically with a six-month
to one-year follow-up. This check up includes a short cognitive test, but does not
capture subtle changes that can occur over the period. An ambient monitoring system
has the potential to capture many of these changes. These include changes in sleep
architecture, sleep disturbances, and impairment of lower limb function.
Alterations in sleep architecture are characteristic of cognitive impairment. These
changes include five behaviours: nighttime wandering, circadian rhythm disturbances,
increased sleep latency, increased sleep duration, and increased daytime napping [185].
Sensorized beds have often been applied to studying sleep architecture to capture all of
these behaviours, using either simple bed occupancy monitoring or more sophisticated
sleep staging techniques [37, 39, 40, 95, 126–128, 186].
Sleep disordered breathing is a sleep disturbance that has been associated with
cognitive impairment [187], [188]. This thesis has demonstrated the feasibility of
monitoring breathing signals with ambient bed-based systems, while apnea-specific
events have also been detected in related research [189] and other clinical research
[34,42,129,130]. Another sleep disturbance related to cognitive impairment is restless
leg syndrome, which is associated with nocturnal agitation behaviours in patients
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with dementia [190]. Periodic leg movements such as those the comprise restless leg
syndrome have been detected with bed-based systems [131].
Not only can restless legs be detected, but impairment of lower limb function can
also be observed. Limb impairment can be both predictive of future cognitive decline
and dementia [191], [192], and increases the probability of early Alzheimer’s disease
compared to MCI [193], [194]. The time required to stand from a sitting position can
uncover this type of impairment [195]. Sit-to-stand (STS) duration has been found to
be significantly longer for those with cognitive impairments compared to cognitively
healthy individuals [196]. Bed exits provide a chance to measure the duration of
this task at least once a day using an ambient monitoring system. STS tests with a
sensorized bed have been demonstrated with older adults [133].
Patients who have moved from MCI to dementia would also benefit from ongoing screening of sleep disturbances. Sleep disturbances both exacerbate cognition
difficulties [197], [198] and extend negatively to the caregivers of older adults with
cognitive impairments [194]. The gold standard for diagnosis of sleep disorders is
polysomnography with EEG. However, this is not appropriate in older patients with
dementia [199–201]. The current practice for patients with cognitive impairment is
to use wrist-worn actigraphy to derive sleep patterns [202], with caregiver reports
playing a complementary role [203] [204]. However, sensors requiring no compliance
or user maintenance are perhaps more suited to cognitive impairment.

8.1.2

Monitoring in Palliative Care

As the population ages, medical services will face a surge of patients dying or facing terminal diseases. Palliative care needs are growing consequently. In this area,
patients are increasingly showing a preference for being cared for at home [205] and
dying with dignity at home [206–208].
Up to this point, physiological monitoring in palliative care has been necessarily
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unsophisticated, where the use of conventional obtrusive sensors precludes the main
goal of patient quality of life and comfort. By introducing non-contact sensing, insights into the last days of life could be revealed. Some breathing patterns that would
be revealed represent normal end-of-life phenomena. However, prompt identification
of breathing patterns that represent addressable pathology could improve symptom
control and comfort [209–211]. A variety of breathing patterns are regularly observed
at the end of life. These include: apnea (flow cessation), hypopneas (flow reduction), hyperpnea (deep breathing), tachypnea (rapid breathing), periodic breathing
(crescendo and decrescendo patterns of breathing depth), and Cheyne-Stokes respiration (crescendo and decrescendo of breathing depth, followed by an apnea).
The ability to predict short survival time could be used to start the process of
discharge to home earlier, before transferring the patient becomes too difficult. High
respiratory rates, as well as breathing irregularity and breathing pattern changes are
partial indicators for the last days of life [212], [213]. Periodic breathing is correlated
with mortality in chronic heart failure patients [214]. Weight loss is another possible
estimator for survival time [212], [215]. All of these parameters are measurable with
bed-based ambient sensors.
While palliative care lends itself well to bed-based ambient sensing, there are
repercussions to the signal processing required to reliably monitor breathing. Signal
processing architecture must expect breathing irregularity. Furthermore, it must cope
with additional movement from nursing care and the activities of daily living that are
increasingly performed in bed as illness worsens.
Although foundational work has demonstrated the ability of ambient systems in
laboratory settings, there are fewer studies with ambient systems observing participants in clinical care at home or in institutions. No such studies targeting palliative
care have been done. The following two sections present studies of palliative care.
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8.2

Experiment #1: Motion Monitoring in Palliative Care

To learn more about the activities that take place while in bed in palliative care, a
study was run to both quantify and qualify the motion by palliative care patients.

8.2.1

Methods

Two patients in the palliative care ward at Elisabeth Bruyère Hospital, in Ottawa,
ON, Canada, were monitored by a 50-element pressure sensor array beneath the bed.
Simultaneously, a researcher at the hospital observed and noted their movements.
The notes were used to annotate the data and to timestamp their bed occupancy
status and movement. The patients were labeled “PalA” and “PalB”. PalA was 81
years old and female, PalB was 55 years old and male, and both had lung cancer. 14
hours of recordings were collected for each participant. The spanned time from first
to last recorded data was longer due to a couple of short non-recorded interludes for
both participants and a full day of stoppage between recordings for PalB.
Signal Processing
To detect and classify movements, two detectors were implemented, a gross movement
state machine and a limb movement detector. These are shown in Fig. 8.2. The
gross movement state machine segmented the data according to one of three states:
{S :out-of-bed, position shift, rest} with two events and their complements: {E :shift
detected, bed occupied}. Since it is impossible to exit or enter a bed without shifting
position, no transition was required between the rest and out-of-bed states. All states
also have self-loops (not shown), which were the default action. Events were triggered
by simple range, mean, and standard deviation operations on sliding windows of data.
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Figure 8.2: A finite state machine for segmenting data by bed occupant status
Substantial changes in pressure occur at multiple sensors during a position shift,
so shifts were readily identified using the difference between the maximum and minimum value in the sliding window of length L. To catch many combinations of shift
magnitudes and weight distributions, three thresholds on the range were used and
a shift was declared if any of the thresholds were exceeded. The first compared the
range at any sensor to a large threshold, hlarge . The second required a minimum number of sensors Sshift to surpass a medium threshold hmed . The last used a threshold
hsum across the sum of all sensor ranges. To ensure this last one does not get tripped
when strong breathing is present, the sensor range sum must also exceed six standard
deviations above the mean range sum.
Occupancy was detected if Soccup sensors were either loaded or active. Loading was
declared once the mean in the sliding window exceeded hzero ; activity was declared
when its standard deviation exceeded hact . Since the zero values of sensors were not
available and this value varies considerably between sensors, a best guess for hzero
had to be made. hzero was set to the minimum of either 110% of the minimum
value in the full data record or 20% of the maximum possible value. This second
possibility ensures that a data record where a given sensor is never unloaded is not
falsely detected as unloaded.
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Table 8.1: Threshold parameter settings
Parameter

Maximum

Value

% of Maximum

hmed

3072

400

10%

hlarge

3072

600

20%

hsum

3072 ∗ 50

2000

< 1%

hact

3072

2

2%

Sshift

50

3

6%

Soccup

50

20

40%

Parameter values and thresholds were set from histograms of data from preliminary benchtop testing with known position shifts and bed occupancies. The window
length L was set to 50 samples, representing five seconds of data sampled at 10 Hz.
Table 8.1 lists the selected thresholds, along with their maximum range and the percentage of this maximum that the threshold represents. Each of the 50 sensors had
output ranges of [0,3072], although most sensors never surpassed half of their maximum. Unloaded outputs were observed ranging between 105 and 465, depending on
the sensor.
The resting segments include limb movements, which were smaller in amplitude
to the position shifts and cannot necessarily be detected using preset thresholds without falsely identifying breathing as limb movement. Movement is instead identified
statistically using a previously developed movement detection algorithm [124] which
sets upper and lower control limits using the mean and standard deviation of a sliding
data window with length L = 300 (30 seconds). Two consecutive data points outside
of the limits establish the beginning of movement.
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Evaluation
After the data was collected, annotated movement types were classified as either
position shifts or limb movement. Some notes did not clearly define which of these
classes occurred. For instance, the note “Fidgeting as she tries to get her drink from
the side table” does not indicate whether a lean or shift was required to perform this
action or if the side table is close enough that only a limb movement is required. In
such cases, the assumption was made that a shift was required. Because it was not
clear which nursing procedures would occasion movements or position shifts, nursing
periods were excluded from analysis. Periods without annotations were also excluded,
even if sensor data was available. For limb movement detection, periods with position
shifts were also excluded since limb movements were not detected during position
shifts.
Position shift and movement detection statistics were evaluated. True positives
(TP), false positives (FP), true negatives (TN), and false negatives (FN) were incremented on an event-by-event basis according to annotated and detected events.
Non-events were defined as the periods between annotated or detected events. The
following statistics were compiled:
Accuracy % (Acc.) Percentage of the events and non-events that were correctly
detected as events or non-events, T P + T N/(T P + F P + T N + F N );
Sensitivity % (Sens.) Percentage of the total annotated events that were correctly
detected as events, T P/(T P + F N );
Specificity % (Spec.) Percentage of the total annotated non-events that were detected as non-events T N/(T N + F P ) ;
Positive Predictive Value % (PPV) Percentage of total detected events that
were also annotated, T P/(T P + F P );
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Negative Predictive Value % (NPV) Percentage of non-detected events that
were also not annotated events, T N/(T N + F N ).
The alternative to event-based evaluation is to evaluate sample by sample. However,
annotations covered much longer periods than a given shift or movement actually
lasted, and sample-based evaluation would skew results by introducing too many
missed detections when there was in fact nothing to detect.
Shifts and movements were also evaluated for length and strength. The strength
was measured as the ratio of the mean variance of the movement to the mean variance
of the rest of the segment plus the mean variance of movement. A ratio near 1.0
indicates the motion is overwhelmingly stronger than rest, whereas a ratio near 0.5
indicates that the motion is roughly the same strength as rest.

8.2.2

Results

Fig 8.3 presents the major activities and percentage of time spent performing them,
according to the annotations. PalA did not leave the bed and spent less time shifting
position compared to PalB, although this may be more related to the style of annotation of the researchers. The researcher for PalB tended to group activities into a
single longer duration annotation.
Fig 8.4 evaluates the percentage of time in activities that could be attributable to
the participants’ movement versus external intervention, such as nursing care. Some
movements were considered joint, such as conversing with visitors or reaching for
someone’s hand. A good portion of movement was not performed by the participant,
with at least 13% of movement time related to external intervention and 22% if joint
activities were also counted.
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5%

7%
6%

4%
4%
15%

7%

53%

22%

78%

Rest (78%)
Position change (7%)
Eating food (4%)
Nursing care (6%)
Other (5%)

Rest (53%)
Position change (22%)
Out of bed (15%)
Nursing care (4%)
Other (7%)

(a) PalA

(b) PalB

Figure 8.3: Pie chart of percentage of time spent performing activities according to
annotations

External (13%)
External (19%)

Joint (9%)
On own (40%)

Joint (40%)

(a) PalA

On own (78%)

(b) PalB

Figure 8.4: Pie chart of the percentage of activities independently performed
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Table 8.2: Detection statistics for position shifts (%)
Acc.

Sens.

Spec.

PPV

NPV

PalA

78.0

63.0

83.6

58.6

85.9

PalB

67.2

51.5

73.3

42.5

79.7

All

72.1

56.7

78.0

49.3

82.7

Bed Occupancy Detection
Bed occupancy was detected and compared to annotations. All of the participants’
time was spent in bed, except for three intervals by PalB. All three of these were
detected and no false out-of-bed detections were made. Two short false in-bed detections were made during the last out-of-bed interval. During this interval, annotations
indicate that the “sheets and linens were stripped and changed by nurse”. The activity involved on the bed as well as the nurse potentially leaning on the bed to tuck
the sheets in likely caused the bed occupancy detection.
Detected Position Shifts
Detected position shifts lasted an average of 6.7 seconds and resulted in an average
movement strength ratio of 0.89. Table 8.2 lists the resultant detection results for
position shifts. There were both false detections that lowered the specificity and
missed detections that lowered the sensitivity. In a number of cases, an annotation
seemed to be late by a minute or two compared to the shift occurring in the sensor
signals. Such cases caused both a false and a missed detection, which likely should
have been true positives. In other cases, the assumption that a certain movement
caused a position shift did not hold. For example, reaching for the glass of water
did not cause a position shift on the sensors, so this became a false negative. Some
detected shifts were clearly visible in the sensor signals but no annotation had been
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Table 8.3: Detection statistics for movement
Acc.

Sens.

Spec.

PPV

NPV

PalA

53.8

100.0

52.9

3.7

100.0

PalB

60.7

85.0

58.6

14.8

97.9

All

55.4

91.4

54.2

6.2

99.5

made.
Table 8.2 may under-represent true accuracy and specificity. Since the detection
statistics are event-based, long stretches of time without either detected or annotated
position shifts only accounted for a single true negative event. By weighting the
events by their duration, accuracy and specificity reach 93.8% and 99.8% respectively.
However, sensitivity drops to 7.5% as false negatives durations were artificially long
using annotated duration compared to the true positive durations lasting only the
short detected duration.
Limb Movement Detection
Detected limb movements had an average duration of 3.4 seconds, and an average
relative movement strength of 0.73. Fig. 8.5 displays the detected movements with the
annotated movements. The movement detector found many more movements than
the observer. There are clusters of false negatives, particularly during the nights.
The figure also shows the relative movement strength, showing that the nocturnal
movements were smaller than the diurnal ones. Analysis of movement strengths
showed the median non-annotated detections were significantly lower strength than
the annotated ones. It may be that the sensors are more sensitive to movements than
the observer, which might be more of a factor at night due to low light conditions
and smaller movements.
Table 8.3 lists the resultant detection results for limb movements. As expected,
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1.5
1
0.5
0
15/03 00:00

16/03 00:00

17/03 00:00

(a) PalA
1.5
1
0.5
0
20/02 00:00

21/02 00:00

22/02 00:00

23/02 00:00

(b) PalB

Figure 8.5: Detected and annotated limb movements: A blue background indicates
when annotation availability, and pink background blocks indicate recording intervals
of the sensor data. Blue stems indicate annotated movements and red stems indicate
detected movements. The height of the red stem indicates relative movement strength.
specificity is somewhat low, stemming potentially from the observer missing movement.
Two interesting patterns of movement were discovered and are shown in Fig. 8.6.
Raising or lowering the bed caused a slow but steady pressure change visible on
many sensors. Once seen, this pattern was observable numerous times. Sitting on the
bed produced chaotic, but low amplitude signal changes. These small weight shifts
represented neither limb movements nor breathing, but causes false limb movement
detections and could cause difficulty during breathing analysis.
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(a) Pressure sensor output of lowering/raising/sitting. Annotations for this segment were: “11:39: Top half of the bed is
lowered. Legs are moved slightly to the left of bed by granddaughter. 11:40: Bed is moved back into sitting position.”
1600
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1400
1300
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1100
1000
11:42:43
Time

(b) Pressure sensor output while sitting (zoom-in of above
plot after raising bed)

Figure 8.6: Two interesting pressure sensor patterns of movement discovered in the
data

8.2.3

Discussion

Although the annotations did not necessarily allow precise comparisons, they do provide nonetheless a good balance between research requirements and ethical considerations. When interpreting results pertaining to movement, it is important to keep
in mind the potential of a secondary movement instigator. For example, washing
a patient involves both moving the patients’ limbs and shifting the patient’s position repeatedly, lasting more than ten minutes. Tracking nurses in a hospital has
been accomplished by ambient sensors [216]. By adding such tracking to a system,
movements could be more accurately assigned to the bed occupant.
The gross movement state machine, requiring only relatively simple operations,
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would be appropriate for real-time implementations. Even with its simplicity, initial
testing has shown it to be effective.
Sitting is a difficult state to interpret due to the long period of disorder and
plausible amplitudes for breathing. Attempting to extract breathing during sections
of sitting would produce a chaotic signal that is difficult to automatically differentiate
from very irregular breathing. A fourth state in the gross movement state machine
may be necessary to differentiate sitting segments from resting segments.

8.3

Experiment #2:

Long-term Monitoring in

Palliative Care: A Pilot Study
The feasibility of using ambient sensing in palliative care to detect respiratory disorder
was tested with a healthy population at home and a population in palliative care at
Elisabeth Bruyère Hospital. Due to the early stage of this research, as well as the
sensitive nature and goals of palliative care, reference respiband monitoring was not
performed. The use of obtrusive instruments, even for research, is discouraged in
palliative care. Rather, differences between the two populations were exploited: it was
hypothesized that a palliative care population would have more breathing irregularity
than healthy individuals and that a diagnosis including lung impairment, such as lung
cancer, would cause greater breathing irregularity than other diagnoses. To test these
hypotheses, two parameters to quantify breathing irregularity were proposed. Also,
extracted breathing rates were compared and qualitative observations of breathing
were made.
To quantify breathing irregularity, extracted breathing signals were segmented
into individual breaths. A signal processing architecture was devised to extract the
breathing signal and segment it, considering the palliative care signal environment.
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8.3.1

Methods

Equipment Setup

Figure 8.7: Diagram of the installation of sensor mats in the palliative care ward.
Bedside wall jacks connected the mats to a main computer terminal.
Fig. 8.7 depicts the setup of sensor mats in the palliative care ward at Elisabeth
Bruyère Hospital, Ottawa, ON. In 2007, twelve rooms underwent renovations which
included installing cabling and wall plate interface boxes for connection to the S4
sensors pressure mats. The serial cabling from these was routed to a closet outfitted
with a computer running the data acquisition software. The computer interfaced to
all of the serial cabling through an external multi-port serial hub. The setup allowed
a single mat (24 sensors) to be placed under the mattress in each of the rooms and
the data from all of the mats could be collected by the single computer.
All bed frames were articulated hospital beds, but the complexity ranged from
simple manually operated flat panels, to button-actuated contoured panels. The
mattresses on these beds were institutional mattresses, designed for long term use.
Fig. 8.8 shows a picture of the articulated frame on which the sensor mat is placed.
To sense breathing motion, mats are ideally placed longitudinally down the centre of
a bed to capture motion from the shoulders, chest, and abdomen. However, when an
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Figure 8.8: Photograph of actuated bed frame with contoured panels
articulated bed was raised, as shown in Fig. 8.8, the mat was bent by the articulation.
Instead, a lateral placement was chosen to span the bed frame panels. This placement
also ensured that the mat received motion from the sides of the bed.
It was also discovered that the mattress did not conform exactly to the bed while
in the raised position. In that position, there were gaps between the mattress and the
frame at the articulation points. However, the top row of sensors was still in contact
with the mattress. It can be expected that fewer sensors are activated when a bed is
in the sitting position.
Data Collection
Two sets of data were obtained from pressure sensors located below the mattress
of participants. The first set was from data collected during the author’s M.A.Sc.
thesis [81]. The data from healthy participants were collected over a period of two
to three nights while they slept in their own bed at home. The second set was from
participants in the palliative care ward at Elisabeth Bruyère Hospital.
Six healthy participants formed the healthy set and 24 participants were recruited
from palliative care. Data collection with palliative care participants was handled
by staff at Elisabeth Bruyère Hospital. Sensor outputs were recorded continuously
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Table 8.4: Summary of participants for long-term monitoring in palliative care

Sex
Diagnosis

Lung

Brain

Involved?

Involved?

IDs

F

M

N/A

Y

N

Y

N

H1-H6

3

3

0

0

6

0

6

GI1-GI8

3

4

1

5

3

1

7

GU1-GU4

2

2

0

1

3

0

4

Lung

L1-L7

5

2

0

7

0

3

4

Other

O1-O5

4

1

0

2

3

1

4

Total

30

17

12

1

15

15

5

25

Healthy
Gastro-Intestinal
Genito-Urinary

until the patient withdrew from the study, went home, or died. Room changes and
transfers to acute care can occur; data collection was halted while the participant was
not in a sensorized bed.
A chart audit was performed after data collection to gather pertinent
information,

including presence of lung and/or brain involvement,

admis-

sion/readmission/discharge date and times, transfers out of the palliative care ward,
and time of death. The presence of lung tumours was noted, since a diagnosis other
than lung cancer does not preclude lung involvement. Metastatic cancer is prevalent in patients in the palliative care ward, and secondary lung tumors are common.
Brain tumors may also have an effect on breathing, since brain centres that control
breathing function could malfunction.
A resume of participants is profiled in Table 8.4. The number of females and males
was representative of the typical Canadian elderly population, with more females than
males (12 F, 9 M). Age, weight, and height were not available. Weight and height
are not generally monitored in palliative care and disturbing the patients to take the
measurements was not deemed necessary.
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In ward
Mat data available

L5
L7
GI8
GI7
GU2
L1
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O5
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O1
O4
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GU3
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O3
L3
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01−Feb−2009

01−Jul−2009

01−Nov−2009

01−Mar−2010

01−Aug−2010

Figure 8.9: Collected Data from participants stay in palliative care (upper, black)
and mat data availability (lower, red)
Fig. 8.9 shows the dates that the patient was in hospital and which dates were
recorded by the pressure sensitive mat. In most cases, data was incomplete. Missing
hours may be attributed to a number of factors. Firstly, participants may have
changed rooms for a time period. Secondly, when a new participant was added, the
system needed to be restarted. During the restart time, data could not be logged and
restart times ranged from a few minutes to a quarter hour. Lastly, human error could
occur, especially during the addition of new participants. Removal of current study
participants from logging could (and did) occur occasionally at that point.
If data collection terminated early, the last few days of the patient’s time in
hospital were not recorded. Early termination could occur because of bed changes,
transfers to acute care, participant withdrawal from study consent, or simply due to
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missing data files for the reasons listed in the previous paragraph. There were 13
deaths that occurred during data collection, one participant was discharged home
alive, and ten participants had early data termination.
Data Description
There was no formalized protocol for the participants of this experiment to follow.
Participants did not have their hospital stay disturbed.
The quality of the breathing signals recorded in the Palliative Care Ward was much
lower than those collected in the controlled laboratory setting used in the previous
chapters. Fewer sensors were available with breathing signals, breathing signals were
generally of smaller amplitude, and some of the data segments between position
changes did not have any sensors with available breathing. This may be attributable
to the orientation of the pad, missed contacts between the mattress and the sensors
when the bed is tilted up, and/or the weaker breathing of the participants.
Breathing Signal Processing Architecture
Signal processing architecture for palliative care patients must expect breathing irregularity and cope with extra movement interference, both from activities of daily
living and from nursing care. The system must also deal with the participants’ weaker
breathing signals, and be resilient to low signal availability since there were fewer sensors picking up the breathing signal.
Preliminary tests of statistical change movement detectors with palliative care
data revealed that these methods were limited by the irregularity of the breathing,
particularly when apneas were involved. The end of an apnea would usually trigger
the movement detection algorithm. Cheyne-Stokes respiration (CSR) is a breathing
pattern that is common in palliative care and includes apneas every few breaths.
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Figure 8.10: An example of Cheyne-Stokes respiration from a participant with brain
cancer
Additionally, apneas in CSR manifest alongside changes in breathing depth; the amplitude changes can also trigger false movement detections. Fig. 8.10 depicts a CSR
pattern, extracted from 45 minutes of the sensor data of participant O2, who had
brain cancer. Almost all of the breaths in this segment were detected as movement.
Conventional architecture of squelching breaths during detected movement would
suppress the informative breathing patterns that the system is meant to quantify.
A new architecture was proposed to better discern movement and breathing, and
is presented in Fig. 8.11. In this architecture, the gross movement state machine described in the previous study (Sec. 8.2.1) was used to squelch breathing output when
not in bed or when large position shifts were occurring. Smaller limb movements and
breathing were passed through the breathing fusion block. Breathing segmentation
was performed on the fused signal and was used to remove drift and provide information to a fine segmentation block. This block also received input from a movement
detector and a breathing quality signal to distinguish movements from false alarms.
For this architecture, the fusion block in particular had to be robust to movement
interference.
Breathing signal fusion was performed using the Adapt RD method outlined in
Chapter 6. This method was shown to be resilient to a wide range of conditions,
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Figure 8.11: Proposed signal processing architecture
including movement and breathing irregularity without requiring a separate reversal
detection stage. Individual breaths were detected using Cox Stuart trend analysis,
as proposed by Moyles et al. [168] and developed further by Wilks et al. [152]. Cox
Stuart trend analysis is a statistical tool that tests for an upward or downward trend
in a data set by comparing sample values at the beginning of a data segment to
those at the end [167]. The trend analysis provides a p-value for the hypothesis of the
presence of an upward trend and one for the hypothesis of the presence of a downward
trend. Trend tests were performed on sliding windows of data to find the beginning
and end of upward and downward trends, using a threshold on the p-value of 0.9.
The method provides for a refractory period between breaths [152] and requires that
upward and downward trends alternate [168]. Breath peaks were located from the
maximum value between the upward and downward trends; troughs were located as
the minimum value between the previous downward trend and the current upward
trend.
Apneas were suspected when an upward trend started more than ten seconds after the last downward trend ended. They were confirmed by comparing the standard
deviation of the breathing signal within one-second sliding windows to a threshold at
20% of the median peak amplitude. Only segments not exceeding the threshold for
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at least ten seconds were retained, per the definition of apnea [217]. Low variance is
a feature of apnea [61]. While a model-based apnea detector that looks for sudden
variance changes works well for central apnea detection [189], this would not necessarily work well with palliative care data, where CSR patterns create slow variance
changes around apneas.
A second post-processing stage removed signal shifts due to drift or movement.
To remove signal shifts, a signal envelope was created by linear interpolation from
trough to trough (lower enveloped) and peak to peak (upper envelope). This lower
envelope was subtracted from the signal to relocate all troughs to a zero baseline.
Although this subtraction removed details about breaths that empty the lungs more
or less than others, this information is currently indistinguishable from drift.
Quality assessment was done using a by-product of the Cox Stuart trend analysis.
With the sliding windows, these two p-values of the trend hypothesis are available
for every sample, assigned according to the centre of the sliding window. Quality
was set as the maximum of the two hypotheses at every sample. Quality was used
in conjunction with limb movement detection to finalize the detected movements.
Detected movements that did not overlap any detected breaths were automatically
accepted as movements. For movement detections that did overlap with detected
breaths, only those that had a mean quality smaller than 0.8 during the duration of
the detected movement were considered to be movements. While this did have the
effect of including some short movements, it was much less likely to detect breaths
as movements, particularly during CSR. Additional limb movements were detected
where breathing signal segments lay above the upper signal envelope, i.e., peaks that
were not detected as breaths.
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Respiratory Disturbance Analysis
To screen generally for respiratory disturbance, breathing rates and two new indicator
indices were extracted on an epoch by epoch basis. The new indicator indices were
based on both respiratory effort amplitude and interval variability to flag potential
problems. Disordered breathing often appears in respiratory signals through changes
to respiratory interval or amplitude.
One minute epochs were used for analysis, with each epoch overlapping the previous by 50%. The overlap ensures that subsequent epochs do not miss changes occurring at an epoch transition. Epochs were segmented according to detected movement
so that movement periods could be ignored. To filter out segments that contained
invalid breathing signals, such as those involving only the small weight shifts of a sitting participant, a minimum quality threshold was introduced for non-apnea periods
within the epoch. For each segment, amplitudes of the breath peaks were recorded
as well as the duration of intervals between peaks and between troughs. Epochs that
contained fewer than three usable breath intervals or fewer than twenty contiguous
seconds without movement artifact were discarded.
Two parameters were extracted from each valid epoch: the normalized standard
deviation of the peak amplitudes (σRA ) and the normalized standard deviation of the
interval between peaks (σRI ). To normalize for signal strength variations, respiratory
peak amplitudes were divided by the mean of the amplitudes in each epoch. To
normalize for natural rate differences, the respiratory intervals were divided by the
epoch’s mean interval. A new index labeled the Respiratory Amplitude and Interval
Disturbance (RAID) index was proposed and calculated according to (8.1):

RAID = 50((1 − α)σRA + ασRI ).

(8.1)

Here, α was set to 0.5 to equally weight both parameters, although other weightings
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could be used. A second index, looks at the ratio between these two values, and is
named the Sigma Ratio (σratio ):
σratio =

σRI
.
σRA

(8.2)

Data was summarized hourly, using the mean value in most cases, with the exception of using the maximum to discover the maximum breathing rate. For analysis of
the impact of diagnosis on respiratory parameters, only data prior to a week before
death were assessed. Later data could be impacted by the effects of approaching
mortality. Furthermore, because the number of available days per participant was
not equal, data was uniformly randomly sampled for a total of seven days of data per
participant. Data from participants with fewer than seven days of recordings were
sampled with replacement while data from the other participants were sampled without replacement. Data for analysis of mortality predictors comprised the recordings
from the 13 participants with recordings at death. Analysis was from three weeks
prior to mortality to the last day.

8.3.2

Results

More than a million epochs were analyzed of which 68% were considered viable,
containing at least 20 contiguous seconds of breathing and at least three breathing
intervals. Fig. 8.12 shows the percentage of valid epochs for a given quality threshold
for the remaining epochs. The percentage of valid epochs was stable near 100% until
the quality threshold neared 0.7. At that point, it dropped precipitously. Given
that movements were already individually screened for quality, epochs that contained
movement were more likely to have a slightly higher quality. A value of 0.75 was
chosen as the validity threshold, discarding 13% of the viable epochs.
Many disordered breathing patterns were observed from the extracted respiratory
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Figure 8.12: Percentage of valid epochs using a given quality threshold
signals of the palliative care participants. Fig. 8.13 displays examples of the first
three minutes of breathing from the hours with the highest breathing rates, σRI , and
σRA . All of the top 10 and 30 of the top 50 hourly RAID were ascribed to a single
participant, O2. This participant had CSR for long stretches, and over many days.
Respiration Parameter Hypotheses
Fig. 8.14 displays a scatter plot of hourly averages of σRI and σRA pairs. The normalized interval and amplitude standard deviations tended to vary with each other. This
tendency is somewhat intuitive since a deeper breath in the middle of other breaths
manifests in both a longer breath and higher peak amplitude, and vice versa for a
shorter breath.
The hypothesis that breathing patterns are more irregular for patients with cancer
and particularly patients with lung and/or brain tumours is scrutinized in the boxplots
of Fig. 8.15. Boxplots show boxes spanning the interquartile ranges, a mid line to
denote the median, notches to show the confidence intervals around the median, and
whiskers to show the full data range. Participants in palliative care tended to have
slightly lower, but wider ranging, breathing rates. They also had much higher RAID
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Figure 8.13: Examples of breathing patterns observed in the extracted respiratory
signal of palliative care participant data
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Figure 8.14: Scatter plot of hourly σRI and σRA
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Figure 8.15: Boxplots of hourly respiratory parameters according to lung involvement
and σratio indices. Healthy participants had σratio indices close to unity, indicating
that changes to breathing depth were directly related to changes in the time between
breaths. The hypothesis that lung or brain involvement entrains more disorder was
not supported by the results. In fact, the RAID and σratio each eased for the patients
with these involvements.
Predictors of Survival Time
Fig. 8.16 displays the behaviour of the mean value of respiratory parameters as
the participants approached mortality. For most of these parameters, a progression
started between 10 and 15 days before death. Breathing rates and the prevalence of
tachypnea (BPM ≥ 25) increased initially and then dropped. All 13 participants had
tachypnea in the last week of life, although only eight had it in the last three days of
life. The σratio index, displaying the most sensitivity to decreases in survival times,
rose considerably near the end of life, influenced particularly by dropping σRA .
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Figure 8.16: Mean respiratory parameters according to number of days from mortality
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In as much as breathing was more disturbed in the two weeks before death, the
presence of most breathing patterns was not necessarily indicative of imminent mortality. Tachypnea was observed in three participants more than three weeks prior to
death (O3,GI4, and L5), while maximum breathing rates decreased in the last week.
The behaviour of the RAID index at the end of life also dipped before the last day,
and this was a consistent pattern across a number of participants. Participant O2
had the highest RAID indexes due to CSR, but had much lower RAID indexes in the
few days leading up to mortality. The CSR may have been related to her diagnosis
of brain cancer. Manual examination of her breathing signals showed that CSR was
indeed replaced by more regular breathing during the last days.

8.3.3

Discussion

This small pilot study provides some evidence for the feasibility of non-invasive, nonobtrusive monitoring of respiration in an inpatient and home-based palliative care
population using bed-based pressure sensor arrays. The RAID and σratio indices
clearly delineated between healthy participants and participants with cancer. The
unexpected development that patients with lung and brain metastases had lower
indices than those without remains to be explored.
The presence of tachypnea is a predictor of decreased survival time [212]. This was
supported by all participants having tachypnea during their last week. A new breathing irregularity parameter, σratio , also showed predictive value for survival time and
further study is warranted. However, some participants displayed irregular breathing patterns many weeks before passing and in the days directly before mortality,
some breathing patterns resolved. It is possible that combinations of these parameters would provide more accurate prediction, and future work could apply intelligent
systems to this prediction. Other predictors of survivability include weight changes,
time out of bed, and amount of movement [212]. These are not related to breathing
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and were not explored here, but could be extracted from a bed-based system.
The study was limited by the small sample size and lack of reference breathing
sensors. Healthy participants were generally younger and it remains to be seen if age
itself contributes to the breathing parameters.
Since movement of the patient restricts the intervals that are valid for breathing analysis, frequent movements could potentially mask breathing disorder. Intersubject and intra-subject nightly movement percentage in the course of overnight
previous studies show high variability. Ranges of 10% to 30% and 3% to 32.5% were
reported by Chen et al. [66] and Watanabe et al. [23], respectively. Kortelainen et
al. discarded an average of 20% of the night due to movement or heart rate arrhythmia and noted that it “varied strongly between subjects” [43]. Aubert and Brauers
reported ranges of discarded epochs from 9.5% for healthy participants up to 19%
for participants with sleep disorders [27]. In this work, strong movements from nursing care and activities of daily living, combined with lower signal availability during
resting segments resulted in a loss of more than one third of the epochs.
Not only could frequent movements mask breathing disorder, but they are also a
potential source of error if they are erroneously detected as a breath, leading to high
deviations in both σRI and σRA . One mitigation strategy would be to recognize rest
segments without any breathing available. In the previous study, for motion monitoring in palliative care (Sec. 8.2), sitting on the bed was identified as potentially
problematic for breathing analysis. Automatic recognition of sitting segments could
reduce the chance of falsely detecting breaths. Alternatively, rather than treating
each epoch individually for quality analysis, assessing the quality of a full breathing segment could help exclude poor quality segments from analysis. Improving and
validating the quality metric would also be useful. Kortelainen et al. used principal
component analysis to differentiate movements from breathing since breaths consistently occur along the same principal axis, while the axis of movements differed [43].
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The methodology presented here for breath segmentation could be extended to include this source of information by looking for out-of-the-ordinary changes to the
Adapt RD weights in the quality assessment block. To improve breathing signals,
using the context-aware fusion method developed in Chapter 7, may help alleviate
conditions that weaken Adapt RD, such as reduced breathing signal availability.
In this work, prediction of survival time was examined. Another element that
could be examined is detection of mortality. Initial testing on a limited number of
participants showed this to be possible with a simple downward threshold on the
variance, but expanding to more participants resulted in many missed detections.
The noise at each sensor was too unique for a single threshold to be applied. Future
work is to explore mortality detection with other salient features.

8.4

Summary

Pressure sensor arrays mark an exciting new technology for discreet point-of-care
monitoring of patients with mild cognitive impairment (MCI), with full-blown cognitive impairment, or in palliative care. By sensorizing the bed, even the patients
who are the most incapacitated can be monitored comfortably either at home or in
institutional care. A rich set of assessment indicators can be formed from long-term,
ambient sensor monitoring of nocturnal motor activity, sleep architecture, disordered
breathing, and bed exits. These indicators could detect the progression of MCI to
dementia, identify treatable conditions, and provide new insights into the last days
of life.
Cognitive medicine and palliative care are particularly suited to the incorporation of ambient monitoring due to the sensitivity of their patients to more obtrusive
technologies. Indeed, these patients are more likely to spend more time in bed than
healthy individuals. Motion monitoring can quantify the number of position shifts
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and movements made on the bed. However, ascribing the motion to the patient rather
than caregivers or visitors would require supplemental ambient sensors. Monitoring
patient respiratory patterns can provide insights into physiological changes at the end
of life and related survival times. Changes in breathing rate, interval, and amplitude
are all indicative, but not specific to, the end of life.

Chapter 9

Conclusions
Ambient sensing offers exciting new avenues of physiological monitoring and care,
especially for populations that are not well suited to traditional laboratory monitoring
or even wearable sensors. However, fusing physiological signals from multiple sensors
located in an ambient environment presents various challenging conditions, stemming
both from variable environmental response and from interference. Furthermore, the
quasi-periodic and non-stationary nature of the physiological signals limits the use
of spectral methods of signal analysis. Breathing signals are particularly prone to
quasi-periodic and non-stationary behaviour and were the main application of this
research.

9.1

Summary of Research

The fusion of a single breathing signal from multiple sensor inputs was evolved
throughout this work. A single fused breathing signal is useful for breathing analysis,
as it can be used for gauging both relative respiratory amplitude and the intervals
between breaths. Variability of the amplitudes and intervals can be useful in clinical
monitoring.
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Three aspects of signal-level fusion were considered. Firstly, the ambient multisensor environment was characterized. The feasibility of monitoring in ambient
environments with unknown signal degradation was validated and the effect of cushioning was quantified. The non-linear behaviour of pressure sensors in a non-uniform
array could pose problems for signal alignment using both reversals and delays. Signal alignment is required for many fusion methods. Using just reversal detection and
not delay alignment, it was shown that poor reversal detection ultimately produced
poor combining. Lastly, higher quality fused breathing signals were achieved through
multisensor signal combining.

9.1.1

Summary of Research Results: Chapter 4

The experiments run in this chapter explored characterization of a sensor array and
of signal loss in ambient environments. Some of the conditions that create variability
in an ambient system were observed, including differentials in the response of sensors,
unknown signal to noise power, and the availability of a given physiological signal
at a given sensor. Both availability of breathing and breathing power diminished
as a function of mattress size, although composition of the mattress and its density
may play a role as well. When developing algorithms for physiological monitoring,
it is important not only to test an algorithm in a laboratory environment, but also
to make sure that it is robust to these real-life conditions. Sensor response can be
affected by a number of non-linearities and non-uniformities, including the sensor
material properties and the spatial response between sensors. While it is possible
to calibrate a sensor array to linearize the response, calibration is a time consuming
procedure. It was discovered that uncalibrated outputs could produce aligned signals
that seemed unaligned by virtue of the sensor response. During signal alignment,
delay measurements between sensors may be suspect.
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9.1.2

Summary of Research Results: Chapter 5

Correcting signal reversals is an important preparatory step in a number of fusion
algorithms. Three strategies were proposed to detect reversals from ambient sensors:
the correlation coefficient method (Corr.), decision directed slope reversal detection
(DDSRD), and an adaptive version of DDSRD (Adapt RD). These all offered improvements over spectral phase analysis in conditions of interference and for nonstationary signals. Although the proposed correlation coefficient method improved
reversal detection for non-stationary signals, it was hampered by interference. On
the other hand, short-term trend analysis methods of DDSRD and Adapt RD showed
resiliency to non-stationary behaviour and to interference. When compared to spectral phase analysis, these last two methods provided 9% more signal segments with
acceptable signal qualities, resulting in 7% fewer segments with respiratory rate errors
greater than 1 breaths per minute (BPM).

9.1.3

Summary of Research Results: Chapter 6

Three broad categories of ambient signal linear combining for breathing signal fusion
were analyzed: sensor selection, diversity combining, and blind source separation. To
this end, spectral estimations of signal and noise power were detailed and used in new
fusion methods in all three broad categories. Eleven methods of linear combining were
compared. The two techniques that performed best for fusion of real-life breathing
signals and that were most resilient to simulated signal degradations were maximal
ratio combining (MRC (PSD+EGC)) and Adapt RD. The latter was based on the
adaptive method of reversal detection developed in the previous chapter. The two
aforementioned methods provided an overall better estimate of the breathing signal.
By applying Adapt RD, mean respiratory rate error fell another 5%. However, in
specific scenarios other algorithms did perform better. For instance, sensor selection
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and principal component analysis methods performed well when few sensor signals
carried available breathing signals. Furthermore, these two methods did not require
a separate reversal detection stage prior to fusion. Reversal detection can make or
break the benefits derived from diversity combining algorithms. It was revealed that
sensor selection performs better than diversity combining when reversal detection is
poor.

9.1.4

Summary of Research Results: Chapter 7

An ensemble of fusion methods, or fusion agents, was assembled, selecting between
each possible fusion agent given the conditions present in the input and output signals.
Ranking and selecting fusion agents resulted in four agents chosen, with at least one
from each of the general categories of agents presented in the previous chapter. The
ensemble-based context selection method was able to more accurately fuse corrupted
records than the top fusion agent, MRC (PSD+EGC), providing the best signal
quality possible in over 50% of the test records, compared to just over 35% for MRC
(PSD+EGC). For the multi-participant and multi-mattress experimental data, it was
able to select the best algorithm 40% of the time, and nudged up signal quality and
the number of records with less than 1 BPM error for both. While the increase was
minimal, the best pre-selected method for each set varied. With contextual selection,
results were consistently good across all sets. When conditions are expected to be
good, similar to laboratory conditions, it may not be worth the added complexity to
implement an ensemble fuser. However, for medical applications and in scenarios of
unknown signal conditions, it provides a more robust system.

194

9.1.5

Summary of Research Results: Chapter 8

Pressure sensor arrays mark an exciting new technology for discreet point-of-care
monitoring of patients with mild cognitive impairment (MCI), with full-blown cognitive impairment, or in palliative care. By sensorizing the bed, even the patients
who are the most incapacitated can be monitored comfortably either at home or in
institutional care. Indeed, these patients are more likely to spend more time in bed
than healthy individuals. Motion monitoring can quantify the number of position
shifts and movements made on the bed. However, ascribing the motion to the patient
rather than caregivers or visitors would require supplemental ambient sensors. Monitoring patient respiratory patterns can provide insights into physiological changes at
the end of life and related survival times. Changes in breathing rate, interval, and
amplitude are all indicative, but not specific to, the end of life.

9.2

Conclusions

Continuous monitoring ambient medical monitoring could lead to faster interventions,
when necessary, and less interference, where appropriate. Discreet and continual
screening for specific disorders could also be performed, such as sleep disorders and
respiratory disorders, as well as assessment of a general mortality risk from a combination of observed factors. It allows for the quasiperiodic signal behaviour that is
a hallmark of many natural signals, particularly human physiological signals. It also
holds paramount the mitigation of interference from sensors subject to noise, drift,
and external interference. The objectives of this thesis were to:
1. Identify conditions of fallibility for fusion algorithms extracting physiological
signals from ambient sensors;
2. Develop new, more robust multisensor fusion methods;
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3. Analyze new and existing algorithms, considering the identified conditions;
4. Identify new applications of clinical monitoring that would benefit from ambient
sensing;
5. Apply ambient technology to the analysis of clinical data.
The first two objectives have gone hand-in-hand. By identifying conditions of fallibility that weaken fusion algorithms, new methods were developed that were more
robust to the conditions encountered in ambient physiological monitoring. These
new techniques for breathing signal extraction from ambient signals improved both
breathing signal quality and respiratory rates derived from the breathing signal. By
improving both reversal detection and fusion methods, respiratory rate errors were
halved compared to equal gain combining with spectral phase reversal detection techniques.
One of the interesting facets of the developed algorithms is that they do not require
knowledge of the posture of the bed occupant or position with respect to the sensors.
In fact, the sensors themselves could be irregularly spaced, in unknown positions, and
any number of sensors could be used. It has been shown that including more sensors
increases the accuracy of the information, but there is no minimum number of sensors
required for application of the methods proposed here.
Five reversal detection and 11 fusion algorithms were compared in conditions
of noise and drift interference, movement artifact, reduced sensor availability and
breathing period variability. It was revealed that some of these methods generally
fared better than others. However, by determining the current conditions, a more
appropriate algorithm can often be found for the current context, leading to improved
and more robust signal extraction.
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In this thesis, fusion algorithms were evaluated for capability in the presence of
movement. By selecting algorithms that performed well in its presence, the new architecture for breathing extraction presented in Chapter 8 was possible. The new
architecture left limb movement detection until last, allowing false movement detections due to irregular breaths to be discounted.
Two new applications for clinical monitoring were identified that would benefit
from ambient sensing, namely, cognitive medicine and palliative care. In both of
these fields, the more sensitive needs of the patients preclude the use of traditional
laboratory tests and obtrusive sensors. Two studies were conducted with participants
from palliative care. Analysis of motion monitoring showed the feasibility of the
ambient sensing in the palliative care environment, while breathing signal monitoring
uncovered respiratory patterns near the end of life.
Not only can this system be used in institutional care, but it can also be brought
into the home. By providing patients with palliative home care while still well enough
to be transferred and improving the support facilities available at home, the wishes
of these patients could be better fulfilled. The advances made in this thesis towards
robust multisensor ambient signal processing move towards intelligent, ambient, and
ubiquitous health monitoring in the comfort of home.

9.3

Suggestions for Future Work

There are a number of items for future work that reside outside the scope of this
thesis.
• Non-linear combining fusion methods
In this work, linear combining was used to fuse signals at the data-level. Non-linear
methods, such as wavelet analysis or empirical mode decomposition, may yield fusion
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performance improvements and should be considered. Strategies to select decomposition levels, while ignoring those without the breathing signal could also be helpful
to reject interference.
• Signal Quality Recognition
The evaluation of signal quality under unknown ambient and signal conditions is an
open research topic that was touched upon in this thesis, but was not fully developed.
Recognition of breathing signal quality would be very useful both to reduce false
breath detections and to improve selection methods. Spectrally estimated signal to
noise ratio (SNR) was shown to be a good indicator of signal quality. However, under
certain conditions, such as movement or breathing irregularity, spectrally estimated
SNR did not correlate as well to actual signal quality. The gap between the results
for the optimal sensor selection and the results from the proposed sensor selection
algorithm could potentially be narrowed with a better estimate of signal quality.
Research could be done to investigate new features or combinations of features that
predict the optimal signal selection.
Signal quality could be used to determine whether a segment has a good enough
breathing signal to be used for decision-making. A binary quantification as workable
or non-workable would ensue for the segment. This evaluation could be performed
by thresholding the signal quality or by a classifier, trained from known fusion signal
respiband correlation.
• Classification of Movement Instigator
It was discovered that a notable portion of movements in palliative care are not executed by the patient themselves. Detecting the instigator of movement could allow
the system to discern the motions related to care giving from those that indicate
certain pathology, e.g. agitation due to pain. Another sensor set that detects motion in the room surrounding the bed could be used to infer if a given movement is
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instigated independently by the subject or is made by a caregiver. Alternatively, the
data during periods of movement could be analyzed to see if any features could be
used to directly detect external interference without any other sensors. For example,
nursing care may causes certain weight shifts, such as side to side motion, that are
not generally performed by a patient.
• Prediction of Survival Time
A number of interesting patterns were revealed when analyzing breathing signals from
palliative care and the import of these patterns on the last days of life remains to
be corroborated with larger clinical studies. Prediction of survival times using the
respiratory parameters extracted in Chapter 8, as well as movement, time out of bed,
and weight changes could also be explored using intelligent systems.
• Movement Detection
Further work in movement detection and classification is warranted. It may be possible to modify the Adapt RD algorithm to provide movement detection as well as
fusion weights. Movement detection was not a main goal for this thesis, but the outputs of movement detectors could be helpful in determining context for respiratory
signal combining and improving the detection of individual breaths.
• Polarity Detection to Match Inhalation and Exhalation
The breathing signal analysis performed in this work did not consider parameters
related to inhalation versus exhalation since breathing polarity was not well established. A rising signal could indicate either inhalation or exhalation. Kortelainen
et al. performed this correction by observing that “inhalation shows a sharp peak
in the signal in comparison with the longer exhalation valley” [43]. However, their
methodology for this correction was not detailed. Further study and validation is
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required, particularly as the non-linearities explored in Chapter 4 could cause signal
shapes with these peaks reversed simply because of sensor response.
• Detecting Thoracicabdominal Asynchrony
The methods proposed for detection of phase reversals in Chapter 5 could be tested
for use with respibands for detection of thoracic asynchrony and compared to methods
reviewed by Prisk et al. [161], and Motto et al. [104]. Phase reversal detection from
non-ambient sensors such as respibands is not in the scope of this thesis, but could
be useful for automated analysis of polysomnography data.
Detecting thoracicabdominal asynchrony that occurs while on a sensorized bed
would also be of interest. The current methods of reversal detection assume that all
reversals are systemic in nature rather than physiological. The behaviour of sensor
data during episodes of asynchrony could be explored.
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Appendix A

Background Information on Palliative
Care
Although the concept of palliative care is known to many, it is a slightly nebulous
idea to those who have not had direct contact with it. This is not simply a lack of
common knowledge, but is partly due to the relative youth of a field that continues
to evolve and redefine its role. Learning the history of palliative care enlightens its
current role and so this history is provided in this appendix. By understanding the
role of palliative care and its goals, engineers working with palliative care can better
orient their systems to help patients, caregivers, support workers, and physicians.
This appendix introduces the reader to the palliative care environment, including
a short history of the field and its newer trends, a description of palliative care clients
and their symptoms, and the emergence of palliative home care.

A.1

Overview of Palliative Care

The adjective ‘palliative’ describes to ”...relieve the symptoms of a disease or condition
without dealing with the underlying cause” [218]. Globally, of 56 million deaths per
year, 60% could make use of palliative care 90% of Canadians could (eventually)

225

226
benefit from palliative care services [219], but currently only a small fraction do [220].
The main goal of palliative care is to improve the quality of life of patients. The
World Health Organization (WHO) has defined palliative care as:
“an approach that improves improves the quality of life of patients and
their families facing the problems associated with life-threatening illness,
through the prevention and relief of suffering by means of early identification and impeccable assessment and treatment of pain and other problems,
physical, psychosocial and spiritual.” [221].
Embedded in this definition are a number of important principles of palliative care.
Firstly, that palliative care is concerned with quality of life, which involves not only
physical ailment, but also psychological, social, and spiritual problems. Secondly,
palliative care encompasses both the patient and the family. Family members may
require counselling and ultimately bereavement support. Since family often provides
the main care giving for the patient, they also require care giving resources and
support. Finally, palliative care is provided to people facing any life-threatening
illness, and not just for those who have been diagnosed as terminal.
Palliative care has been shown to lower the total cost of hospital admissions for
adults with serious illnesses, due to decreased use of laboratory and intensive care
services [222]. Total hospital costs following discharge are also reported to be lower
[223].
Short History Of Palliative Medicine
Palliative care is one of the newest fields of medicine. Up to the 1960’s, incurable
patients were usually ignored by the medical profession since the search for curative
treatments was the dominant concern [220]. Pain relief for these incurable patients
was rare. The most effective pain relief drugs, such as morphine, were thought to
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be too addictive and dangerous [224]. Studies into terminal care in cancer in the
1950’s and 1960’s, spearheaded by Dame Cicely Mary Saunders, formed the first
interest in the role of palliative care by the medical profession. The first modern
hospice was opened in London, England in 1967. Although other hospices existed,
mainly run by religious groups [220], St. Christopher’s Hospice was the first to include
science, education, and research with care for the patients’ physical, spiritual, and
psychological well-being [224].
Palliative care did not reach Canada until 1975, when two hospitals, one in Winnipeg and one in Montreal, started operating palliative care services [225]. Although
palliative care services have grown across the country, a senate report on the future
of palliative care published in 2010 found that 70% of Canadians are still without
access to palliative care [219].
New Trends in Palliative Care
While palliative care began as end-stage care, it is now being provided earlier, even
while curative treatments are still being sought [226]. The WHO has shifted its
definition of palliative care to start “as early as possible” for any chronic fatal illness,
rather than during the last stages of care [221]. This shift improves patient care,
since palliative care has been shown to improve patient outcomes in cancer, perhaps
due to improving immune reserves that get depleted by the stressors of serious illness
[227]. Additionally, early pain management prevents the nervous system from building
neural pathways that reinforce pain transmission [221]. Not only do the patients
benefit from palliative care, but their caregivers may also experience better health
outcomes, as they too are relieved of some immunity-depleting stressors [227].
The provision of palliative care to any patient facing a potentially fatal illness
has also led to a call for a name change. Recent research has shown that changing
the name to “supportive care” dramatically expands patient use during early stage
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cancers, mainly from increased and earlier physician referrals [228]. Alongside name
changes, distinctions between palliative care and hospice (end-of-life) care are being
encouraged [227].
Palliative home care is growing and recent research points to better satisfaction
and lower costs of providing home care than institutional care [229]. Accommodating
ongoing palliative care at home, and not just near the end of life, is progressing.
Further specifics of palliative home care are discussed in Section A.4.

A.2

Palliative Care Clients

Patients in palliative care face a wide range of disease diagnoses, including all types
of cancer, congestive heart failure (CHF), dementia, chronic obstructive pulmonary
disease (COPD), and acquired immune deficiency syndrome (AIDS). These may be
categorized into three types: cancers, progressive nonmalignant disease, and children’s
terminal illnesses [230]. With such a wide range of diseases, treatments cannot be
generalized. However, common elements exist in care and form the basis for palliative
care services.
As explored previously in Section A.1, clients of palliative care services include
not only the patients themselves, but also their family and other care providers. In an
institutional setting, “caregiver” refers to staff, but in most cases the most important
caregivers are family or friends of the patient. Home care responsibility can include
performing the regular day to day duties such as cooking, shopping or housework,
but can also include more advanced nursing care such as catheter changing or opioid
administration [231]. Clearly, both technical and psychosocial support is needed for
these caregivers. Technologies that are introduced in home care settings must be
easily used by those unfamiliar or new to the technology.
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A.3

End of Life Symptoms

Some common symptoms are present across palliative care patients. Pain is an important symptom, but will not be addressed here, since its relief using bed-based
sensing is currently not foreseen, except perhaps in preventing pressure sores from
long term bed rest. Two important palliative care symptoms are breathing disorders
and delirium.
Disordered Breathing Patterns
Breathing related disorders are amongst the most prevalent symptom in palliative
care patients at the end of life [232]. In patients with chronic heart failure (CHF),
the presence of periodic breathing is correlated with mortality [214]. The quality of
life for patients with disordered breathing could be improved by interventions such
as nocturnal oxygen therapy or continuous positive airway pressure therapy [209] or
non-invasive repositioning [11]. Although opioids, when used appropriately, are safe,
respiratory depression may occur at high doses of opioids and sedatives [233]. With
early identification of drug induced respiratory complications, adjustments can be
made to the treatments [210].
Many disordered breathing patterns can occur at the end of life. They can be
grouped into apneas, rapid breathing, and oscillatory breathing. Apnea is the cessation of breath. There are two main types of apnea: central apnea and obstructive
apnea. During central apneas, the brain stem does not send the neural signals to
the lungs to initiate breathing. There is a complete lack of breathing effort. During
obstructive apneas, breathing effort exists, but constrictions (i.e. obstructions) in
the air passage inhibit air exchange in the lungs. There is also a third related category of disordered breathing, hypopnea. Hypopnea is characterized by low amplitude
breathing that does not allow enough oxygen and carbon dioxide exchange [234].
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The apnea hypopnea index (AHI), also termed the respiratory disturbance index
(RDI), is often used to quantify breathing disorder. AHI is the number of apneas and
hypopneas per hour during overnight polysomnography testing, although its exact
definition may change depending on the study [11]. AHI may not take into account
respiratory disturbance from other amplitude or rate changing patterns.
Oscillatory breathing refers to breathing patterns whereby the amplitude of the
breathing volumes varies in crescendo and decrescendo pattern: each breath gets
deeper and deeper and then breathing depth peaks and gets shallower and shallower.
This cycle is repeated many times. Two types of oscillatory breathing are defined:
periodic breathing and Cheyne-Stokes respiration.
Periodic breathing is the sustained oscillation of breathing tidal volumes. Another
term for periodic breathing is “cyclical respiration”. Oscillations must reach a target
variation between peak and trough volume of at least 25% reduction between peak
and trough values [235], [214]. However, the definition of what constitutes “sustained”
varies. For instance, it has been defined as greater or equal to three minutes [235],
and has also been defined as oscillations during greater or equal to 75% of the time in
a 10 minute period [214]. Cheyne-Stokes respiration is similar to periodic breathing,
but includes apneic episodes during the troughs.

A.4

Palliative Home Care

The majority of terminal care patients prefer to spend their last days at home (53%
[207], 58% [208], 63% [236]). Generally, hospitals comply with these wishes, but
sometimes patients are too sick to be transferred or do not have caregivers who can
cope with home care [207], [231]. Currently, only 13%-45% of Europeans with cancer
die at home [237], although this may be higher in Canada (68%) [236]. In some
parts of the world, there is a trend towards more institutional deaths and less home
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deaths [238] [239], but again this may be reversed in North America [239].
Patient preferences for place of ongoing care also show that the majority would
prefer home care to institutional care [205]. However, outpatient palliative care services (i.e. home care services) are still less prevalent than inpatient services [240].

