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Abstract

A signal is a physical quantity which differs with respect to time, space, or other inde-
pendent variables and contains information about a physical phenomenon. In biomedical
applications, analysis and evaluations of signals acquired with bio-measurement tools help
with health monitoring and treatment. Biomedical signals may be easily affected by noise
arising due to imprecision in measuring instruments, uncertainty within the systems, patient
movements, or interference from external sources. Therefore, in many cases, it is necessary
to process the signal in order to reduce or eliminate unwanted signals and improve reliability
of inferencing. Motivated by these factors, the present dissertation addresses some key chal-
lenges associated with inferencing with motion artifacts in two biomedical sensing modalities
as 1D and 2D signals: (1) ballistocardiogram (BCG), and (2) magnetic resonance imaging
(MRI).

In the first case study, we determine the effect of motion artifacts on a bed-based BCG signal
as a 1D biomedical signal. Specifically, we develop a motion detection algorithm followed by
a motion artifact removal system using an unobtrusive contact-less electromechanical film
based ballistocardiogram sensor integrated into a smart bed system. Furthermore, we lever-
age the results from the motion detection algorithm to define a restlessness metric that en-
ables us to quantify sleep quality. We demonstrate the use of this algorithm using data from
individuals with autism spectrum disorder (ASD) with a collaboration with Heartspring,
Wichita, Kansas. Additionally, we illustrate the value of using the restlessness metric along
with other indicators of sleep to predict daytime behaviors in this specific population.

In the second case study, we focus on identifying temperature changes due to device or organ
movement in proton resonance frequency shift (PRFS) MR-thermometry as 2D biomedical
sensing modality. Firstly, we develop an enhanced hybrid method suitable for MRI thermom-

etry in the presence of motion during microwave thermal therapy for heating using diffuse



sources such as needle- and catheter-based microwave applicators. The presented model-
based method uses the sparsity of wavelet coefficients of the phase shift based on the fact
that heat-induced phase shifts exhibit a correlation structure due to smoothness. Secondly,
we propose a new robust motion correction algorithm based on robust principal component
analysis (RPCA) to recover low-rank matrix from sparse errors without the need of modeling.
We illustrate the efficiency of both works by comparing the results to the previously pre-
sented model-based method and fiber-optic temperature sensors during microwave heating
of a tissue-mimicking phantom with a 2.45 GHz directional microwave antenna integrated

with 14.1 T high-field MR
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sources such as needle- and catheter-based microwave applicators. The presented model-
based method uses the sparsity of wavelet coefficients of the phase shift based on the fact
that heat-induced phase shifts exhibit a correlation structure due to smoothness. Secondly,
we propose a new robust motion correction algorithm based on robust principal component
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Chapter 1

Introduction

1.1 Overview and Motivation

A wide variety of diagnostic and medical technologies have been developed to monitor phys-
iological parameters for diagnostic applications as well as to deliver image-guided therapies.
However, in many cases, it is necessary to process the signals/images acquired from patients
in order to reduce, eliminate or extract artifacts and improve reliability of patient monitoring.
Artifacts are a significant problem affecting the fidelity of information and thereby, affect
inferencing derived from motion affected signals and /or images. Common sources of artifacts
include other physiological processes that may interfere with the signal of interest, patient
movements, and the variations due to sensor imperfections. Patient motion is perhaps the
largest effect that causes artifacts. Examples include involuntary movements (e.g. respira-
tion, cardiac motion and blood flow, eye movements, etc) and minor subject movements.
The detrimental effects of motion artifact are well recognized and vary with signal /image
modality. Over the last decade, there have been considerable advances in signal and image
processing technologies leading to more effective use of clinical information in the presence of
motion artiafcts [2-5]. These technologies can be categorized into three groups: (1) motion
prevention, (2) motion artifact detection and reduction, and (3) motion correction.

Motion prevention approaches aim to eliminate the effects of motion before data acquisition,



but unfortunately this may not always be practical. Some examples of motion prevention
approaches are training, sedation [6], and breathholding [7]. Although, these methods can
be effective, they may (1) limit the time of data collection, (2) reduce quality and resolution,
and (3) incur greater costs and health risks. Depending on the specific signal and imaging
modality, a number of motion artifact reduction techniques have been proposed [4, 5]. These
methods use different hardware and software enhancements in order to deal with motion
artifacts. They either improve the design of biomedical sensors so that they are less sensitive
to artifacts, or they improve signal processing methods so that the artifacts can be accurately
detected and eliminated [4, 8]. In summary, there is an established toolbox of techniques
where different tools are applicable to different situations. In some cases, powerful tools
are already available; however in other cases, tools still need to be developed and improved.
There will be a continuing need to investigate motion artifact effects in clinical applications

and get information of interest from the measured signal regardless of any noise and motion.

Motivated by these factors, this dissertation addresses some of the key challenges related
to inferencing with motion artifact in two classes of biomedical signals: (1) ballistocardiogram
(BCG), and (2) magnetic resonance imaging (MRI). The first case represents a 1-dimensional
(1D) time series signal and the second case is imaging data representing a 2-dimensional
(2D) signal. In the following sections, background and research questions that need to be

addressed in the context of each case study is presented.

Bed-based BCG as a 1-dimensional (1D) Signal:

BCG is a promising, unobtrusive methodology for monitoring cardiac activity and body
movements. Every time the heart beats, the body recoils in response to the heart’s micro-
movements. Unlike other cardiac activity monitoring devices, recording BCG signals can
be unobtrusive without requiring any attachment to the subject’s body and also, it can be
acquired simply and in an inexpensive home environment. However, the reliability of the

BCG signal is often unsatisfactory for long-term recordings due to its high sensitivity and



susceptibility to motion artifacts. These motion artifacts can cause significant challenges in
further analysis such as heartbeat estimation. In this disseration, we aim to detect and miti-
gate motion artifacts in bed-based BCG signals, and additionally extract useful information
from these motion corrupted signals to make more broader inferences. The goal here is to
use a non-intrusive bed-based BCG system in which motion artifacts help to quantify sleep
quality in specific populations, such as children with autism spectrum disorder (ASD).

ASD is a condition that impacts a child’s development in social communication and repeti-
tive patterns of behaviors [9]. Moreover, children with ASD suffer from several challenging
behaviors such as self injury, tantrums, and sleep disturbances [10-14] in which, sleep prob-
lems are one of the main concerns for caregivers and parents of these individuals. Based
on previous studies, sleep inefficiency can cause major impacts on a child’s behaviors. In
children with ASD the possible link between sleep problems and challenging behaviors is not
well understood since there have been limited techniques for sleep quality assessment in these
individuals [15]. Objectively evaluating sleep quality for long term studies makes it possible
to help better investigate sleep and daytime behaviors relationship. In this dissertation, the
sensor-laden bed system is used in order to quantify sleep quality in children with severe
disabilities in longitudinal study using motion artifact detection strategies. In this regard,

there are a few key research questions that need to be properly addressed:

Question 1: How to detect motion artifacts in bed-based BCG signals? How to use the
detected motion frames in defining a new sleep quality metric (e.g., restlessness)?

Question 2: How can we estimate heart beat or beat-to-beat interval based on bed-based
BCG signals in the presence of motion?

Question 3: Can we predict daytime behaviors in children with ASD based on quality
of sleep? How can the new sleep quality metric derived from the smart bed system impact
prediction process?

Question 4: As the reverse problem, can we predict night time sleep quality based on

daytime behaviors in children with ASD?



MR Images as a 2-dimensional (2D) Signal:

For the second case study, incorrect temperature changes due to motion artifacts using pro-
ton resonance frequency shift (PRFS) during MR- thermometry are investigated. During a
thermal therapy procedure, the amount of thermal dose delivered to the tissue is verified
and the performance is evaluated using rela time monitoring and image guidance. MRI
is one of the most prevalent, reliable , and comprehensive thermal monitoring methods to
measure temperature profiles inside the tissue. Using PRFS method, temperature change
can be measured by way of phase changes occurring during imaging. PRFS method is the
most frequently used technique to perform volumetric thermometry during thermal ther-
apies [16]. However, one of the main drawbacks of the PRFS method is its sensitivity to
inter-frame motion and magnetic field drifts, which can result in incorrect estimation of tem-
perature profiles. To address these problems, several techniques have been proposed [17-19].
Among all, hybrid method is the most comprehensive technique based on both weighted
combination of baseline images and a polynomial phase shift. While the hybrid method has
demonstrated the best performance, it assumes focal heating, which may be valid when using
energy modalities such as high intensity focused ultrasound, but does not hold for heating
using diffuse sources such as needle- and catheter-based microwave applicators, which have a
relatively broad radiation pattern, and are widely used for thermal ablation of tumors in the
liver, kidney, and lung. Following this limitation, we seek to address the following research

question in this dissertation:

Question 5: How to robustly correct temperature changes in PRFS MR-thermometry
during heating with applicators having diffuse patterns in the presence of motion?
The contributions of this dissertation to address these fundamental research questions are

discussed in the following section.



1.2 Contributions

To address research question 1&2, Chapter 3 of this dissertation proposed a comprehensive
system to deal with motion artifacts in BCG signals which includes a motion artifact de-
tection method followed by motion artifact removal technique in bed-based BCG signals.
Additionally, a sleep quality indicator, restlessness, is defined based on the proposed motion
artifact detection system which doesn’t need to be worn or attached to subject’s body. Major

contributions of this chapter are listed below.

e Propose motion artifact detection by formulating frame by frame detection algorithm
based on signal variance in time domain and out-of-band signal energy in frequency

domain.

e Propose motion artifact detection using sequential detection algorithm based on pro-

cessing the signal measurements directly in a sequential manner.

e Quantify sleep quality using a restlessness as a surrogate sleep quality based on results

from motion artifact algorithms.

e Develop two motion artifact reconstruction methods based an autoregressive model-
based tracking and Wiener smoothing based parameter estimation to estimate heart

beat intervals in the presence of motion.

More details related to these contributions are in Chapter 3 and has been published in the
following articles:

[20]: A. Alivar, C. Carlson, A. Suliman, S. Warren, P. Prakash, D. Thompson, and B. Natara-
jan, “Motion detection in bed-based ballistocardiogram to quantify sleep quality,” in GLOBE-
COM 2017-2017 IEEE Global Communications Conference, pp. 1-6, IEEE, 2017.

[21]: A. Alivar, C. Carlson, A. Suliman, S. Warren, P. Prakash, D. E. Thompson, and
B. Natarajan, “Motion artifact detection and reduction in bed-based ballistocardiogram,”
IEEFE Access, 2019.

To address research questions 3&4, Chapter 4 of this dissertation presents predictive mod-



els built using the restlessness metric along with other sleep metrics to find the association

between sleep quality and daytime behaviors in children with ASD.

e Investigate whether problematic daytime behavior is associated with poorer sleep qual-
ity in individuals with ASD, such that an individual’s prior sleep can be used to predict
their subsequent daytime behavior. Sleep quality metrics are derived from our previ-

ously proposed motion artifact detection.

e Analyze an extensive real-world dataset containing over 200 nightly sleep observations
using our smart bed system matched to challenging daytime behaviors (aggression,
self-injury, behaviors in class, and behaviors at home) across two severe autistic male

subjects from Heartspring residential facility, Wichita, KS.

e [llustrate the value of using the restlessness metric along with other indicators of sleep

to predict daytime behaviors.

e Investigate the influence of history of 1-8 nights of sleep on daytime behaviors. A
temporal analysis allows us to examine the timescale on which sleep affects daytime

behavior in autism.

e Study and develop predictive models for sleep quality changes based on both daytime

behavioral and night-time sleep quality variations.

e Study the impact of 1-6 previous day behavioral changes in sleep quality classification

models.

More details of this work are discussed in Chapter 4 and are going to be submitted to
the following articles:
[22]: A. Alivar, C. Carlson, A. Suliman, S. Warren, P. Prakash, D. E. Thompson, and
B. Natarajan, “Smart bed based daytime behavior prediction in children with autism spec-
trum disorder - a pilot study™ (to be submitted to),” Medical Engineering € Physics, 2019.
[23]: A. Alivar, C. Carlson, A. Suliman, S. Warren, P. Prakash, D. E. Thompson, and

B. Natarajan, “A pilot study on predicting daytime behavior & sleep quality in children



with asd (under review),” IEEE, 2019.

To address research question 5, Chapter 5 of this dissertation introduces two motion correc-

tion techniques to overcome the limitation of previous methods in PRFS MR-thermometry:

e Propose an enhanced hybrid MRI thermometry technique suitable for monitoring tem-
perature profiles during microwave thermal therapy. Errors in thermometry are re-
duced by using a modified model-based phase correction procedure based on correlation
structure of heat-induced phase shifts. The proposed method improves the accuracy

of the hybrid algorithm for diffuse hot spots.

e Propose a non-model based motion correction using robust principal component anal-
ysis (RPCA) to recover low-rank temperature profile image from sparse corrupted

motion artifact observations.

More details on both proposed motion correction approaches can be found in Chapter 5
and in the following articles:
[24]: A. Alivar, P. Faridi, P. Prakash, and B. Natarajan, “An enhanced hybrid mri ther-
mometry technique for monitoring microwave thermal therapy,” in Medical Imaging 2019:
Image-Guided Procedures, Robotic Interventions, and Modeling, vol. 10951, p. 109512P, In-
ternational Society for Optics and Photonics, 2019.
[25]: A. Alivar, P. Prakash, and B. Natarajan, “Reducing sparse motion artifacts in mr-
thermometry using robust principal component analysis (to be submitted to),” in Interna-

tional Symposium on Biomedical Imaging, IEEE, 2020.

1.3 Organization of This Dissertation

Chapters 2, 3 and 4 are mainly discussing and presenting motion artifacts in 1D signal as

bed-based BCG signals and Chapter 5 is presenting results and methods for 2D signals as



MRI images. Specifically, Chapter 2 provides the background on basics of ballistocardiogram
waveform with its relation to cardiac functions, various technologies to measure BCG data,
and description of the smart bed system used for further BCG signal acquisition. In Chap-
ter 3, two approaches are proposed to detect motion artifacts in BCG signals and further
inference with those detected artifacts to introduce a new surrogate sleep quality measure
using the smart bed system. Moreover, following the motion artifact detection methods, two
parametric models are proposed to reconstruct motion artifacted BCG frames in order to
estimate heart beat intervals in the presence of motion. In Chapter 4, statistical models are
developed to find the link and correlation between sleep quality and daytime behaviors in
children with autism spectrum disorder using sleep features extracted from motion artifacts
in BCG signals during sleep. In Chapter 5, Two methods for estimating temperature changes
in the presence of motion are proposed for heating using diffuse sources such as needle- and
catheter-based microwave applicators. Concluding remarks and future research directions

are discussed in Chapter 6.



Chapter 2

The Ballistocardiogram (BCG)

A ballistocardiogram (BCG) is a non-invasive measurement of the recoil forces of the body
in reaction to the blood ejected into the vasculature during the cardiac cycle [26]. The BCG
signal was first discovered by J.W.Gordan in 1877 [27]. However, 60 years later, the first
practical measurement was introduced by Starr in 1939, and then the term “ballistocardio-
gram” was used in his article [26]. Their setup was in the form of a mechanical table that
was spring loaded and BCG was recorded from the body forces. Throughout the 1900s,
BCG signals were quite popular. However, due to wide variety of cardiac recording devices,
lack of understanding of this waveform, and overly-cumbersome hardware, BCG was faded
when medical imaging technologies emerged. Nowadays, improvements in technology could
simplify BCG measurement and analysis and it found a place again in medical researches
since it can provide a contactless means of evaluating cardiac activities. In this chapter,
the basics of BCG waveform with its relation to cardiac functions, different techniques to
measure BCG, and our bed-based BCG system which is used for further analysis in the

following Chapters 3 and 4, are provided in detail.



2.1 BCG Signal Description

Fig. 2.1 shows two cycles of BCG waveform in which the BCG extrema are named with
consecutive letters from H to N for each cycle. The H-K waves form the ventricular systole
and L-N waves occur during the diastole. The waves of the BCG signal are a combination
of the forces created by the heart and blood flow. The I wave follows ventricular systole and
is attributed to the change in direction of blood movement from the headward direction to
the footward direction. The recoil force created from blood direction changes towards the
head is seen as a strong J wave in BCG signals and K wave is caused by the deceleration of
blood flow. The interpretation of L-, M- and N- waves is more uncertain and they are less
interesting in terms of this thesis. The combination of all these waves represents the cyclic
event of the heart beating. Heartbeat interval or beat-to-beat interval is defined based on
J-peak to J-peak interval from BCG signal and R-peak (the principal peak of the ECG) to
R-peak interval from ECG signals which is also called as heartbeat interval. More details on

heartbeat interval estimation using BCG data are discussed in Chapter 3.

1 1 1 1 1
15.2 15.4 15.6 15.8 16 16.2 16.4 16.6
Time(seconds)

Figure 2.1: A BCG and corresponding ECG signal with two heart cycle.
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2.2 BCG Signal Measurement

Recently, modern technology made it possible to renew interest in the BCG and have made
the detection of the BCG signal more accessible. Several types of sensors can record the force
signals or cardiac vibration signals generated by the heart if they are coupled to the body in
one form or another. The most popular method for measuring the BCG is by using a force
plate or weighing scale and having the subject stand as still as they can to reduce motion
artifacts. Other popular modalities include seat or chair-based systems [28], bed-based
systems [29-35], and wearable systems [36, 37]. Bed-based BCG can provide the information
on respiration and body movement as well as heartbeats in a more comfortable environment
replacing functions done by polysomnography (PSG). Since BCG-based methodology does
not require any on-body electrodes. it has advantage over other BCG modalities and ECG.
In this thesis, we are quantifying sleep quality in children with ASD using BCG signals. Since,
any attached body sensors or wearable devices are not suitable for this population, bed-
based BCG measurement is the most appropriate modality for long-term home monitoring
of children with ASD. The bed-based BCG systems are incredibly sensitive in order to record
the small forces generated by each heartbeat. Thus, these signals are susceptible to any kind
of movements that can disrupt the recorded signal. Since in children with ASD, movements
during sleep time is common, BCG system is able to capture these motion artifacts while the
subject is laying on the bed. In this thesis, we are using these motion artifacts as a useful

sleep parameter for further daytime-sleeptime relationship analysis.

2.3 Designed Smart Bed System Description

Our custom bed system includes four electromechanical films (EMFit; L series; 300 mm x
580 mm) and four load cells (TE Connectivity Measurement Specialties; FX1901-0001-0200-
L) [? ]. The sensors are hidden under the mattress and beneath the bed posts, so that the
subject is not aware that any changes have been made to their environment. This is a critical

aspect of our system, since autistic children are extremely sensitive to even small changes
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in their environment. The electromechanical films (EMFis) generate a proportional current
in response to an applied changing force. The outputs from the EMFis are conditioned by
analog circuitry before being connected to one channel of a National Instruments analog
input module, NI 9220 (sixteen 16-bit differential channels). The signal conditioning circuit
consists of a charge amplifier, a 2nd order active Sallen-Key low-pass filter with a cutoff
frequency of 20 Hz, and a final non-inverting amplification stage. While the bed based BCG
data is the only information required for sleep quality analysis, we collect ECG data just for
validation purposes in labaratory invironment on three subjects of our team. As mentioned
earlier, ECG data collection is invasive and not suited for long term monitoring. However, in
this initial stage of validation using the gold standard of ECG is helpful to demonstrate the
value of BCG based estimation of physiological parameters. An iWorx ETH-225 bioamplifier
with an iWorx ECG module was used to collect the reference ECG data. The output of the
ECG module was also connected to one of the NI 9220 analog input channels to gather
the BCG and ECG data synchronously. The NI 9220 is connected to a NI 9184 Ethernet
chassis. The entire NI acquisition system is controlled by a virtual instrument on a PC
running LabVIEW version 14.0.1 which set the sampling rate to 250 Hz for each acquired
signal. The virtual instrument does not apply any additional filtering before saving the data
to a file on the PC. More details on the bed-system architecture under development at Kansas
State University including a preliminary comparison of estimated BCG HBIs compared to
the gold standard ECG R-R intervals can be found in [29, 38]. A picture of the bed is

illustrated in Fig. 2.2 with four film sensors hidden in the mattress sheet.

Six-Month Study at Heartspring

After we validated the sensor-laden bed system in our laboratory environment for a couple
of nights, we placed the designed bed systems in the room of a child with low-functioning
autism at Heartspring. Heartspring, a residential school located in Wichita, Kansas, offers a
collection of facilities and services for children with a wide range of developmental disabilities

[7 ]. There are approximately 62 children in this facility in which most of the them have ASD.
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Figure 2.2: Designed bed system with four film sensors (EMFi’s).

As a collaboration with Heartspring, we seek solutions to help to create new technologies
in order to improve the quality of life for these children. One of the main interests is to
understand the relationship between sleep quality and daytime behaviors in these children
which motivates the researchers from Kansas State University to design a smart bed system
to monitor the nighttime well-being of these individuals in their home environment. Thus,
after validating our bed system in laboratory on different subjects of our team, we had a long
study of six month for two children with low-functioning autism at Hearspring campus. Two
sensor-laden beds were placed in each child’s room with one captain’s bed and one Endurance
bed and the data were collected from March 20, 2018 until beginning of September 2018 under
KSU IRB protocol #7783. In order to capture bed entrance and bed exit events, the data
were collected from 7:00 pm to 9:00 am for each subject and in total, we had more than 200
nights of data collected from these two children. Additionally, a low-resolutional thermal
camera is used in each child’s room in order to have information about motion artifacts,

sleep and wake times, and diagnose system failures.
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2.4 Summary

In this chapter, we introduce BCG as a non-invasive method based on the measurement of
micro-movement of heart generated by mechanical activity of the heart. BCG can provide
information about body movements, heart rate and respiration rate. Bed-based BCG is
one of the techniques that can be used to record BCG data from a subject without any
electrodes or sensors attached to the subject’s body. Thus, it can be used for long-term
home monitoring objectives to measure sleep quality and cardiovascular information.

In the next chapter, we will develop methods to deal with motion artifact in BCG signals

by automatically detecting and reconstructing these motion artifacted data.
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Chapter 3

Motion Artifact Detection and

Reduction in Bed-based BCG

BCG is an inexpensive and unobtrusive method that monitors cardiac activity by recording
micro-movements which are caused by the mechanical activity of the heart. Bed-based BCG
signals can be recorded by using several EMF'is connected to the bed on which the subject
is sleeping. Different kinds of sensors have been considered in a bed-based BCG acquisition
system [39]. The clean signals measured by EMFi sensors can be used to extract heart rate
from the BCG along with respiration rate. However, this system is susceptible to distortion
due to motion. The resulting motion artifact can cause significant challenges in heartbeat
estimation. In this chapter, we wish to develop a system to automatically detect presence
of motion artifact and minimize the effects of motion artifacts in bed-based BCG signals
in order to quantify restlessness during sleep for further nocturnal analysis of children with
ASD and have a reliable estimation of beat-to-beat interval. Parts of this chapter has been

published in [20] ! and [21] 2.

LA. Alivar, C. Carlson, A. Suliman, S. Warren, P. Prakash, D. Thompson, and B. Natarajan, “Motion
detection in bed-based ballistocardiogram to quantify sleep quality,” in GLOBECOM 2017-2017 IEEE Global
Communications Conference, pp. 1-6, IEEE, 2017

2A. Alivar, C. Carlson, A. Suliman, S. Warren, P. Prakash, D. E. Thompson, and B. Natarajan, “Motion
artifact detection and reduction in bed-based ballistocardiogram,” IEEE Access, 2019

15



3.1 Related work

Motion artifact detection and removal has received significant interest in many sensing
modalities. A multitude of approaches have been proposed for motion artifact detection
and removal in electrocardiogram (ECG) signals. These include linear filtering [40], adap-
tive filtering [41], wavelet denoising [42] and Bayesian filtering methods [43] for detection
and adaptive filtering[44], wavelet-based [42] for motion artifact removal. Adami et al. [45]
proposed a movement detection approach based on energy of load cell signals collected from
four corners of the bed. A two-stage approach for photoplethysmogram (PPG) data based
on higher order statistical features and Neyman-Pearson detection rule as motion artifact de-
tection and a frequency domain independent component analysis (FD-ICA) technique along
with period estimation as motion artifact reduction unit is presented in [46]. Removal of
motion artifacts to recover artifact-reduced PPG signals has been researched extensively [47—
50] . Relative to the efforts for ECG, load cells and PPG signals, motion artifact detection
and removal in BCG signal has received very little attention. In [30], sleep and awakening
epochs are estimated via ballistocardiography using polyvinylidence fluoride film sensor on
a mattress. Here, body movement epochs are identified by comparing the heart rate values
to a threshold. These epochs are then used for estimating sleep efficiency and compared
to PSG results. In [51], a noise sensor is embedded in a weighing scale to measure body
movements while a subject is standing on it. ECG, BCG and motion signals are recorded
while the subject is stationary as well as when there is movement. Then, all three signals
are postprocessed to achieve two signal estimates: (1) BCG noise which is estimated from
the BCG and ECG signals, and (2) motion noise derived from the motion signal. The corre-
lation between BCG noise and motion noise estimates are used to calculate the BCG signal
to noise ratio. A load sensor based measurement of BCG signal is used in [31] for heartbeat,
respiration measurements and identification of specific types of movement. The authors in
[31] extract 14 different features including variance from y-axis of the bed, trajectory length
of the central mass points, average values of sensors, average diagonal load sensors energy

and average percentage variance of each load sensor. These features are fed into a support
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vector machine (SVM) classifier to classify the specific type of movements such as hand, leg
and all other movements. However, none of the prior efforts [30, 31, 51] attempt to explicitly
differentiate between clean and motion corrupted BCG signals, recover the motion corrupted
BCG signals and try to clean the data in order to extract heart rate or beat-to-beat interval.
Our objective is to use the reconstruction of motion corrupted BCG signal to extract useful
information such as heart rate and respiration rate for further physiological sleep analysis

especially in children with ASD.

3.2 Motion Artifact Detection

The purpose of motion artifact detection is to use motion detection to quantify restlessness
during sleep for children with ASD. A typical 12 hours BCG signal corrupted with motion
is shown in Fig. 3.1. In this figuremore than 60% of the signal is corrupted with motion
artifacts and this fact make it necessary to detect and get useful information from these
artifacts and not just ignore these frames. Furthermore, in Fig. 3.2, two short length BCG
signal are illustrated in which one is clean BCG and the other one is a motion artifacted
signal. The proposed approach for detecting motion corrupted BCG signal frames involves 3
stages namely: (1) preprocessing, (2) feature selection and extraction, and (3) decision rule

implementation. The proposed algorithms are reported and published [20].

(1) Preprocessing:

In the preprocessing stage, low frequency content is removed via a Butterworth bandpass
filter of order 6 (0.5-25 Hz). This filter is applied to the individual EMFi signals. After
filtering, each BCG film signal is partitioned into short frames of equal length. In our imple-
mentation, frame length is fixed to 1s, similar to other efforts in this field [52]. This choice
of frame size also helps preserve the shape of a single heartbeat for calculating physiological

parameters that depend on beat-to-beat intervals. This framing procedure is done for all
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BCG signals collected.
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Figure 3.1: A BCG signal illustrating corruption due to motion.
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Figure 3.2: Two short length BCG signals: Clean and Motion corrupted.

(2) Feature Selection and Extraction:
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The goal of this stage is to identify and extract the BCG signal features that can be
used to distinguish between clean and motion corrupted frames based on Neyman-Pearson
rule (Frame by frame method). The feature is selected based on a priori analysis of training
data. We use BCG data from a child with ASD served by Heartspring and three other
subjects, contributing to over 50,000 training data frames. This training data collection was

accompanied by manual observation based tagging of motion events.

A. Time-Domain Analysis: After considering multiple statistical features such as me-
dian, variance, skewness and kurtosis of the BCG signal, we identified the variance measure
to be the most discriminative. Fig. 3.3 shows the distribution of the variance measure. From
Fig. 3.3, it is evident that the variance is much higher for motion-corrupted frames than
clean frames. We fit an exponential model to the variance distribution as represented in Fig.
3.3. The parameters (Ao~ Clean; \;- motion-corrupted) of the fitted exponential distribution

are estimated for the four BCG film sensors and provided in Table 3.1.
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Figure 3.3: Sample histogram plots of (a) clean and (b) motion-corrupted variance of BCG

samples.

Table 3.1: Exponential parameters for clean and motion-corrupted BCG variance features

for four film sensors.

Film Sensors Ao A
Film0 5637.5 | 3.66
Film1 702 | 3.85
Film2 416.6 | 4.89
Film3 4246.5 | 6.66

B. Frequency-Domain Analysis: Analyzing the BCG frames in the spectral domain pro-

vides alternative candidate features. By comparing magnitude spectrum of clean and motion-

corrupted BCG signal, it is concluded that there is a significant difference between the Fourier
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transform components of clean and motion-corrupted data for frequency range greater that
10 Hz which is the out of band range [53]. Therefore, this out-of-band signal energy is an-
other distinguishing feature to consider and the distribution of this feature is plotted in Fig.
3.4. Once again, we can fit an exponential model to this feature and estimate the parameters
of the exponential distribution based on training data. The estimated parameter values are

given in Table 3.2.
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Figure 3.4: Sample histogram plots of (a) clean and (b) motion-corrupted out-of-band signal
energy og BCG samples.
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Table 3.2: Exponential parameters for clean and motion-corrupted BCG out-of-band energy
measures for four film sensors.

Film Sensors Ao A1

Film0 4817.5 | 1.64
Film1 689 | 2.91
Film2 470.4 | 3.77

Film3 3860.6 | 2.33

We analyze two different decision rules and compare their performance.

3.2.1 Frame by Frame Detection

Neyman Pearson (NP) criteria [54] is used to design the frame by frame decision rule for
detecting motion artifacts in a BCG signal. The distinguishing features y = [y1, o] are com-
puted for all preprocessed data frames. Here, y; denotes variance and ys is the out-of-band
signal energy. Since an exponential model is used to fit both features, we describe the deci-
sion rule derivation for one feature y; with the understanding that the detection rule based
on yy will follow along similar lines. We have a binary hypothesis testing problem where, H
corresponds to a clean signal frame, and H; corresponds to the case that the signal frame

has motion artifacts. That is,

Hy:yy ~ Py =exp(Ng) [Clean] 51)

Hy : 1y ~ P =exp(\;) [Motion-corrupted]

The NP criteria aims to maximize the probability of motion detection while constraining
the probability of false alarm [54]. The decision rule takes the form of a likelihood ratio test
(LRT) where the threshold 7 is designed to meet the NP criteria. That is,
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-H Hy
LRT = L(y) = p(yri H) > (3.2)

p(yi; Ho)  my
where, 7 is chosen such that P;(I'y) is maximized while Py(I'y) < a. Here, P;(I';) indicates
the probability of choosing hypothesis H; when H; is true. The likelihood ratio for the expo-
nentially distributed feature y corresponds to L(y) = i—;eyl()‘O*Al). The threshold 7 is chosen

by setting the probability of false alarm, i.e, Py(I'1) = . For the LRT in equation(3.2), the

probability of false alarm can be calculated as:

Py(T'y) = Po(L(y1) > 7) = 1 — Py(L(y1)<7)

A
=1- PO(A—leyl()‘O_’\l)<7')

0
\ ! (3.3)
=1- Pg(y1<1n()\—17) N )\1)
= exp(l — AoT)

A

=}

)7. Setting Py(I'1) = «, the modified threshold is 7 = =22 The final

!
where, 7 = In( o

1

—~ >

binary decision (dyp(y1)) can be made based on the variance feature for a given « as:

1 if yp > T
onp(y) = (34)

0 otherwise |,

The corresponding probability of detection for this decision rule is P (T';) = exp(—\7).
As stated earlier, a similar approach can be used to design a hypothesis test based on out-

of-band energy feature ys.
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3.2.2 Sequential Detection Rule Formulation

In this approach, the goal is to look at the preprocessed BCG signals and directly process
the signal measurements in a sequential manner to determine if the samples contain motion
artifacts. Since the preprocessed BCG signals serve as our measurements for sequential de-
tection, it is important to first parameterize the measurements for both clean and motion
corrupted BCG signals. Our training data set is used to fit Gaussian distributions for both
clean and motion corrupted signals as illustrated in Fig. 3.5. The parameters (jg, o3~ Clean;
{1, o2- motion-corrupted) of the fitted Gaussian distribution are estimated for the four BCG
film sensors and provided in Table 3.3. It is important to note that while our Gaussian as-
sumption for motion corrupted data provides analytical simplicity for deriving the decision
rule, this assumption is rather conservative as the actual distribution appears to be heavy
tailed (e.g., double exponential or Laplacian). The impact of this assumption is discussed in

the result section.

Clean data Motion—corrupted data
35 T T T 8 T T T

Frequency

Frequency

0
-0.1 -0.05 0 0.05 0.1 -1 -0.5 0 0.5
BCG samples

BCG samples

(a) (b)

Figure 3.5: Sample histogram plots of (a) clean and (b) motion-corrupted frames.
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Table 3.3: Gaussian parameters for clean and motion-corrupted BCG frames for four film
Sensors.

Film Sensors Clean Motion-corrupted
Ho o M1 ot
Film0 -2.22e-06 | 0.0002 | 7.46e-04 | 0.27
Film1 -1.07e-04 | 0.001 |-3.77e-04 | 0.24
Film2 -1.54e-05 | 0.002 | 2.33e-04 | 0.19
Film3 1.86e-05 | 0.0002 | -1.18e-04 | 0.14

Once again, we formulate a binary hypothesis testing problem as:

HO SYp P() = N([LO,US)) [Clean]
(3.5)
Hy :y; ~ P, = N(u,01) [Motion-corrupted]

For sequential detection, we consider a frame of length 1s with N = 250 samples of BCG data
(y;) each modeled as an iid Gaussian with parameters dependent on the presence or absence

of motion artifact. The log-likelihood ratio for our binary hypothesis test corresponds to:

LLRT(y) = gogM = N.log(22) + > (yi — o) B SN (g — )?

p(y; Ho) 01 2‘73 2‘7%

0o

This LLRT (y) for each window is then compared to two quantities an upper threshold
A and lower threshold B, which are defined as:

P
A= lOg(P_D),
ra (3.6)
B = log( 1= Pp )
1— Ppgy

Here, Pp is the desired probability of detection and Ppr,4 is the desired probability of false
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alarm. If LLRT (y) > A, then hypothesis H; is accepted and if LLRT (y) < B, then hypoth-

esis Hy is accepted. If B < LLRT(y) < A, no decision is made while the next measurement

is included in the test and the frame is shifted by 1 sample and a new likelihood ratio is

computed. The final decision dg(y) for a given A and B is:

(

\

1 if LLRT(y) > A
No Decision  if B< LLRT(y) < A (3.7)
0 otherwise LLRT(y) < B

3.3 Motion Artifact Removal

As the next step, we present a novel approach to reconstruct BCG frames from those por-

tions of the data that have been identified to be clean using a prediction based autoregressive

model and Wiener smoothing based estimation of the underlying BCG signal parameters [21].

As it is mentioned earlier in Chapter 2, BCG extremas are named with consecutive letters

from H to N for each cycle. An ideal BCG heartbeat signal can be modeled as a sinusoid

of frequency f, windowed with a cosine window of length d as shown in Fig. 3.6 [1]. The

heartbeat shape w(t) corresponds to:

w(t) = Asin (%t) sin (27 fyt)

L
2
e (3.8)
d =
fs

fo=df—(5)
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Figure 3.6: BCG signal of an ideal heartbeat [1].

Where, the three parameters that influence w(t) are J-K amplitude which is the amplitude of
J-peak to K-peak of the corresponding BCG cycle, J-J interval which is the interval between
two consecutive J peaks, and f. which relates to the most significant frequency component in
one BCG cycle. These three parameters that characterize the BCG signal change slowly over
time and they are correlated across time. Therefore, if one can track the variation of these
parameters through both clean and motion artifacted signal frames, it would be possible
to reconstruct the BCG signal over time enabling the continuous monitoring of B-B inter-
val /heart rate. We exploit this idea to design a motion artifact reduction strategy. When
a frame is detected as motion corrupted one, J-K amplitude, J-J interval, and the most
significant frequency component of the previous (using auto-regressive (AR) model based
prediction) frames or previous and future (using Wiener smoother based estimation) frames,
are used as the basis for estimation of the new heartbeat frame.

While the motion artifact detection is completed and clean and motion frames are identified,
the next step is to reconstruct the original BCG signal from the motion corrupted frames.
As previously mentioned, each BCG signal parameter is correlated over time. This motivates
the idea of tracking the BCG signal parameters through the motion impacted signal frames.
A time series model that captures the dynamics of the signal parameters can help to estimate

the parameters of both clean and motion corrupted signal frames. In this work, we suggest
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two different methods for parameter estimation namely: (1) AR model-based tracking and

(2) Wiener smoother based parameter estimation as discussed in following subsections.

3.3.1 Autoregressive Model

An AR model is used for predicting the current value of a variable of interest using a linear

combination of its past values. The general definition for AR(p) model is as follows:

p
Qt = Z Ci@t_i + €¢ € ~ N(O, 02) (39)
i=1

Where, C; are the auto-regression coefficients, 6, is the series under investigation, p is the
filter order, and ¢, is the Gaussian process noise. In our motion artifact removal strategy,
the 0, = (6:1, 6:2, 6:3), where 6;; for i = 1,2,3 corresponds to BCG signal parameters
namely: JKgmp, JJine, and f.. These three parameters are identified using heartbeat infor-
mation such as J and K peaks and the most significant frequency component. For fitting
an AR model to each parameter, we use partial autocorrelation to identify the order of the
corresponding AR model. Therefore, in the sample autocorrelation plot (see Fig. 3.7), we
look for the delay where the partial autocorrelations essentially become zero. Placing a 95%
confidence interval for statistical significance is helpful for this process. As illustrated in Fig.
3.7, the best model order for J-J interval parameter is AR(3). With the same procedure, we
conclude that 2nd order AR model is appropriate for the other two BCG signal parameters.
Once the model has been identified for each parameter, the AR model predictors can be

obtained by finding the estimated coefficients for each parameter using training data.
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Figure 3.7: Partial autocorrelation plot for J-J interval parameter.

3.3.2 Wiener Smoother Filter

In this approach, we first uncover the underlying correlation over time that is exhibited by
the BCG signal parameters. Fig. 3.8, for example, plots the autocorrelation function of
the J-J interval parameter. This correlation can be used to estimate signal parameters in
motion corrupted frames. In general, consider we have a set of samples 6,, coming from a
jointly wide sense stationary (WSS) process (consider 6, = (6,1, 6n2, 0n3), where 0,;
for i = 1,2,3 corresponds to BCG signal parameters at time n which are J Ky, JJine, and
fe). The goal is to find the linear estimate of ,, named as 6., using the L-most recent and L

following samples of 6, as:

L-1

= Wb = > Wo(Duy, n=0,1,.. (3.10)

l=—L+1

>
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Figure 3.8: Autocorrelation for J-J interval parameters.

Here, w,,; corresponds to the optimal weights which is estimated using equation (3.11), and
L is chosen based on the number of samples that exhibit significant autocorrelation (cal-
culated using training data). In Fig. 3.8, for example, if we set a threshold of 0.2 for the
autocorrelation, then L = 20; if the threshold is 0.1, then L = 25. We need to determine
the coefficients wey({) that minimize the mean squared error (MSE) between 6, and 6,.
Based on Wiener-Hopf smoothing equations, for computing the optimal smoother weights

Wopt corresponds to:

Wopt = R;l.rggl (311)

where, Rypera = E[0(n).07 (n)] and rgg, = E[0(n).0(n — 1)] are the input autocorrelation ma-
trix and cross correlation vector, respectively. In this study, we use both past and future
values of BCG signal parameters to predict the current parameter values. Therefore, rgy, is
built based on the lag values of past/future frames with the present one that is to be esti-
mated. These two matrices can be estimated with example autocorrelation function (ACF)s

evaluated using the training data. Once the optimal coefficients w,,; are estimated, the
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Wiener model for each BCG parameter can be obtained using equation (3.10).

Once the BCG parameters are evaluated for the motion corrupted frames, the BCG sig-

nal is reconstructed using equation (3.8) th) — Asin (%t) sin (27 fyt).

3.4 Experimental Results

3.4.1 Motion Artifact Detection

The proposed motion detection algorithm is tested and validated with data collected from
four subjects for a total of over 36,000 test frames. As the ground truth, a team of students
were present during the night to record and watch the sleep times and subject’s movements
via a baby monitor.

We first present the results of the NP test. For a = 0.005, the NP decision rule in equa-
tion (3.4) is implemented. As an example, three minutes of recorded BCG data from the
four films along with the binary decisions based on variance and out-of-band signal energy
are illustrated in Fig. 3.9 and Fig. 3.10, respectively. As it is evident from the figures, both
features are effective in identifying movement of the subject. By varying the false alarm
probability «, one can generate the receiver operating characteristic (ROC) for this test [54].
Fig. 3.11a, 3.11b illustrate the ROC curves for the NP tests based on variance and out-of-
band signal energy, respectively. The ROC curves show that, the proposed tests yield high

probability of detection even with low probability of false alarm.
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Figure 3.9: Motion artifact detection for four film sensors based on variance.
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Figure 3.10: Motion artifact detection for four film sensors based on out-of-band energy
signal.
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ROC curve for Out of band Energy Feature(test result)
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Figure 3.11: ROC curves for test data plot for (a) out-of-band energy, and (b) variance
feature.

In order to improve the system accuracy and efficiency, one can also fuse motion detec-
tion decisions based on the two features. This is especially useful when the features lack
robustness to ambient noise or other factors. Here we used AND and OR rules to implement
a binary classifier. By using an OR rule, both probability of false alarm and probability of
detection increase. Conversely, by applying AND operator on two features, both probabili-

ties of detection and false alarm will decrease. Therefore, the choice of using OR and AND
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decision fusions depends mainly on preference of the system designer. For each film sensor,
AND and OR decision fusions are performed and the results are summarized in Tables 3.4,
3.5, 3.6, and 3.7. It can be easily seen that motion artifact are detected with highly proba-

bility (e.g. 94%) while probabilities of false alarm are low.

Table 3.4: Frame by Frame motion detection results on test data for Film2

Film 2
Probabilities | Individual Analysis | AND Fusion | OR Fusion
Variance | Energy
Py 0.95 0.96 0.93 0.98
Py 0.03 0.09 0.03 0.09

Table 3.5: Frame by Frame motion detection results on test data for Film3

Film 3
Probabilities | Individual Analysis | AND Fusion | OR Fusion
Variance | Energy
Py 0.95 0.99 0.95 0.98
Py 0.09 0.09 0.06 0.12

Table 3.6: Frame by Frame motion detection results on test data for Film0

Film 0
Probabilities | Individual Analysis | AND Fusion | OR Fusion
Variance | Energy
P, 0.98 0.98 0.98 0.98
Py 0.33 0.33 0.29 0.37
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Table 3.7: Frame by Frame motion detection results on test data for Film1

Film 1
Probabilities | Individual Analysis | AND Fusion | OR Fusion
Variance | Energy
Py 0.98 0.98 0.98 0.98
Py 0.33 0.07 0.33 0.07

Next, we apply the sequential detection procedure outlined earlier. First, we calculate
the values of the likelihood function LLRT(y) and the corresponding values of upper and
lower thresholds. These values are selected based on probabilities of detection and false
alarm. Decreasing Pry4 raises the upper threshold without significantly changing the lower
threshold. On the other hand, increasing Pp lowers the lower threshold without significantly
changing the upper threshold. We set Pp = 0.9, Prs = 0.1 and evaluate the lower and
upper thresholds. The actual performance based on a comparison with grountruth data is
presented in Table 3.8. From the table it is evident that the actual performance is in fact
better than the designed performance. One can attribute this to the conservative Gaussian

model fit that we have used for the motion artifacted BCG data.

Table 3.8: Sequential motion detection results on test data for four film sensors

Probabilities | Film0 | Film1 | Film2 | Film3
P, 0.98 0.97 0.96 0.94
Py 0.027 | 0.025 | 0.084 | 0.055

Finally, the duration of motion corrupted frames can be used to infer the “sleep” and
“restlessness” state of the subject. As discussed in [55], continued movements longer than
one minute are typically classified as “restlessness” and all other periods during the night are
classified as “sleep”. Using our proposed motion detection approach, we segmented restless-

ness and sleep phases of the subject and validated it using manual observation based ground
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truth data. The results obtained over an observation period of 19 hours are summarized in
Table 3.9. 94% and 95.2% accuracies based on NP and sequential tests in distinguishing the
child’s sleep and wakefulness state demonstrates the effectiveness of the proposed motion

detection algorithm.

Table 3.9: Validation test for restlessness percentage for nineteen hours of EMFi signal.

Detection Method Restlessness | Accuracy

Neyman-Pearson Test 19.1% 94%
Sequential Test 19.3% 95.2%

3.4.2 Motion Artifact Removal

As the second step and for a different dataset, the proposed motion detection and removal
algorithms are tested and validated with data collected from three subjects providing nine-
teen hours of sleep with corresponding bed-based BCG data. All BCG film sensor data
was analyzed individually. Since the results were consistent across all four film sensors, we
present the findings from the analysis of Film0. ECG signals are used to establish ground
truth values of B-B interval specifically. As a gold standard for comparison, R-peak to R-
peak intervals in the ECG signals, which were sampled at 250 Hz and band-limited to 0.5-25
Hz are used.

We first apply the sequential detection procedure outlined earlier to the test data sets
and evaluate the lower and upper thresholds by setting Pp = 0.9, Prq = 0.1. The actual
performance based on a comparison with ground truth data is presented in Table 3.10. In
this case, ground truth data was generated by examining infrared (IR) images of the subject
by using thermal camera and manually identifying motion instances and durations. The
frames were fed to a motion detection unit in order to detect the presence of motion artifact
and the result for this part of the implementation is binary decisions for all of the BCG
frames. The result of motion detection are brought here as probability of detection and

false alarm as in Table 3.10. From Table 3.10, it is evident that the proposed sequential
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detection approach is very effective in discriminating between clean and motion corrupted

frames (with nearly 96% accuracy) for all four film sensors.

As the next step, when the frames are detected as corrupted or clean, the reconstruct-
ing