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Abstract

Monitoring volume/concentration balance in the extracellular fluid (ECF) is critical to
maintaining physiological wellbeing because fluctuated volume/concentration beyond
normal level causes physiological edema. Electrical impedance tomography (EIT) has
recently attracted increasing attention as an alternative to the above conventional monitoring
modalities because EIT is able to monitor both “spatio” and “temporal” (spatiotemporal)
change of components volume/concentration in ECF as well as easy operation, non-invasive,
harmless, low cost, and capable of real-time monitoring. EIT injects an alternating current /
through a sensor consisting of several electrodes placed around the periphery and reconstructs
a conductivity distribution ¢ from a measured impedance Z. However, to date, there has been
little investigation on physiological edema by EIT. Moreover, conventional EIT suffers from
image deterioration in the case of high conductivity contrast of biological tissue between the
region of interest (ROI) (e.g., subcutaneous adipose tissue) and background (e.g., muscle), as
well as the excess amount of measurement noise. Furthermore, local-spatiotemporal change
(LSTC) is not accurately monitored by conventional EIT in the unstable-background fields
where the background conductivity changes more significantly than the LSTC in ROI.
Therefore, the aims are obtained through systematic stages of the following objectives: 1)
Investigation of physiological edema on ¢ in lower leg subcutaneous tissue; 2) Investigation
of the relationship between frequency-dependence and absolute conductivity value in the
reconstructed image through the miniature EIT sensor as fundamental research towards
developing data preprocessing; 3) Development of multifrequency EIT (mf-EIT) with a
ratiometric preprocessing for boosting robustness under high conductivity contrast of
biological tissue and suppressing excessive noise; 4) Monitoring of local-spatiotemporal
change (LSTC) in the extracellular fluid (ECF) by time-variation-constraint sparse Bayesian
learning (tvcSBL) implemented into frequency-difference EIT (fdEIT).

Firstly, the investigation of physiological swelling on ¢ in lower leg subcutaneous tissue
by EIT is explained in this thesis. There is a strong need for a non-invasive monitoring
technique that can accurately assess the physiological condition change or heterogeneity of
subcutaneous adipose tissue (SAT) by localizing the abnormalities within the compartment.
Here, the image-based reference EIT (IBR-EIT) with fat-weighted threshold method has been

proposed in order to assess the interstitial fluid in SAT as an improvement of bioelectrical



impedance spectroscopy (BIS). The proposed method is evaluated by a physiological
swelling experiment with a wearable 16 EIT electrodes sensor where BIS is applied as a
comparative method. The experimental results show that the proposed IBR-EIT appears to
identify the physiological swelling condition and effectively remove the unexpected
background noise. Furthermore, the conductivity variation in SAT shows a good correlation
with extracellular water volume change measured by BIS; the correlation coefficient R* =
0.927. In conclusion, the proposed method provides a great prospect for SAT assessment.

Secondly, the investigation of the relationship between frequency-dependence and absolute
conductivity value in the reconstructed image is explained in this thesis through the miniature
EIT sensor as fundamental research towards the development of data preprocessing. The use
of 3D cell culture for tissue engineering and regenerative medicine applications often
challenges conventional biochemical and optical assays. Impedance-based cellular assays
have shown their potential to retrieve dielectric parameters about cell behavior, such as
viability, proliferation, and differentiation for 2D adherent cell culture. Herein, simultaneous
3D impedance imaging and viability measurements of multiple large (>2mm) 3D cell cultures
embedded in collagen gels are demonstrated. The method is facilitated by low-resistance 3D
printed scaffolds that can hold a 3D cell-gel system throughout cell culture while being
transparent to impedance imaging. It is shown in silico and in vitro that frequency-difference
electrical impedance tomography (fdEIT) can nondestructively and in a label-free way
differentiate a variety of cell concentrations with a single miniature sensor in real time.
Moreover, the relationships between frequency-dependence and absolute conductivity value
in fdEIT image are numerically explained using multiple samples. This study paves the way
toward developing fdEIT imaging for the quantitative and noninvasive evaluation of tissue
engineering products.

Thirdly, the development of multifrequency EIT (mf-EIT) with a ratiometric preprocessing
for boosting robustness under high conductivity contrast of biological tissue and suppressing
excessive noise is explained in this thesis. In addition to the micro-scale fdEIT as a cellular
assay, the macro-scale fdEIT as point-of-care imaging is highly desired since reference data
over time is not necessary. Reconstructing the structural images of human body
compartments could be possible using electrical impedance tomography (EIT), but the
reconstructed image deteriorates due to high conductivity contrast p between anomaly and
background. In this chapter, a multifrequency EIT with a ratiometric preprocessing

(ratiometric EIT) has been developed in order to minimize p while maintaining high
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distinguishability without any a priori information. The preprocessing of ratiometric EIT is
achieved by extending the framework of ratiometric methods that uses the ratio of two
measurement signals. Based on the proposed ratiometric preprocessing, ratiometric
frequency-difference adjacent EIT (rfda-EIT) is newly derived. The rfda-EIT is qualitatively
and quantitatively evaluated by numerical simulation under the variant conditions of p (=
95%-10%) and experiment with eight subjects’ calves. As the results, the rfda-EIT scores the
area ratio error of subcutaneous adipose tissue (SAT) 17.09% < AREAT < 28.13%, the
position error of bone tibia 0.14% < PE"™? < 10.19%, the position error of bone fibula 9.51%
< PEM < 1,74%, and the correlation coefficients 0.79 < CC < 0.91 in the numerical
simulation. The total-mean area ratio error <ARESAT> by the rfda-EIT is lower than the error
by the classical frequency-difference adjacent EIT (fda-EIT) from 12.70% to 5.18% in the
experiment. Moreover, the true positive rate TPR'™? for the bone tibia detection by the rfda-
EIT is increased from 50.0% to 87.5% as compared with the rate by the fda-EIT.

Fourthly, the monitoring of local-spatiotemporal change (LSTC) in the extracellular fluid
(ECF) by time-variation-constraint sparse Bayesian learning (tvcSBL) implemented into
frequency-difference EIT (fdEIT) is explained in this thesis. Local-spatiotemporal change
(LSTC) of frequency-difference conductivity distribution A in extracellular fluid (ECF) has
been monitored in subcutaneous adipose tissue (SAT) to evaluate leg edema by time-
variation-constraint sparse Bayesian learning (tvcSBL) implemented into frequency-
difference electrical impedance tomography (fdEIT) (tvcSBL-fdEIT). The tvcSBL-fdEIT has
three steps which are Step 1: formulation of blocked column vector (BCV), Step 2: SAT
separation by time variation constraint, and Step 3: temporal correlation extraction by
hyperparameter learning. The tvcSBL-fdEIT is qualitatively and quantitatively evaluated by
numerical simulation under the unstable-background fields and experiment with 15 subjects’
calves. Two types of numerical simulations are conducted to model lymphedema (LE) and
venous edema (VE) that cause LSTC in o of subcutaneous tissue fluids in human calf
phantom which consists of three parts: great saphenous vein (GSV) as ROI and SAT and
muscle as background. From the results, LSTC in o are clearly extracted only near GSV by
the proposed method, even in a field where the time-varying ¢ in the background is large.

Furthermore, the accuracy of the proposed method is evaluated under the variant conditions

GSV/SAT GSV/muscle

of conductivity ratios of SAT and muscle relative to GSV, i.e., p and p ,

respectively, and area ratio accuracy 4RA“" is the highest in the case where p&"57 =

pGSVmuscle \which achieves ARA” = 2.241 regardless of the values of p@"/547 and p@SV/muscle,



Moreover, the tvcSBL-fdEIT was applied to the monitoring of 15 subjects’ calves along with
an experimental protocol of prolonged standing and leg elevation. The spatial-mean
conductivity <Ae>"T in the separated SAT has a strong positive correlation with
conventional impedance z®' by bioelectrical impedance analysis (BIA) (correlation
coefficient 0.715 < R < 0.957; n = 15, p < 0.05), which is decreased during the prolonged
standing while <Ae>"T is increased during the leg elevation. Frequency-dependency of Ac
is associated with LSTC of sodium ion concentration in ECF while the local maximum
position of Ae is associated with the great saphenous vein (GSV) position. Furthermore, the
superiority of the proposed algorithm is numerically evaluated under the unstable-
background fields.

In summary, extracellular fluid (ECF) in subcutaneous adipose tissue (SAT) has been
monitored for evaluating physiological edema by 1) investigating conductivity distribution ¢
as a preliminary study, 2) investigating the relationship between frequency-dependence and
absolute conductivity value in frequency-difference electrical impedance tomography
(fdEIT) image, 3) developing multifrequency EIT (mf-EIT) with a ratiometric preprocessing,
and 4) implementing time-variation-constraint sparse Bayesian learning (tvcSBL) into fdEIT

to reconstruct local-spatiotemporal change (LSTC) as a detailed evaluation.
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Chapter 1 Introduction



1. Introduction

1.1. Physiological edema

More than 60% of the human body consists of fluid, which is roughly categorized into
the intracellular fluid (ICF) and extracellular fluid (ECF), separated by cell membranes.
Moreover, the ECF is categorized into interstitial fluid and plasma, separated by the capillary
walls. While the ICF is mainly responsible for metabolic reactions, such as energy production
and protein synthesis, the ECF is mainly responsible for the regulation of circulating blood
flow, which transports nutrients and oxygen to the cells and transports waste products and
carbon dioxide to outside the cells. Fluid volume is balanced mainly by regulating circulating
blood flow, and once its balance is disrupted, edema develops. Figure 1.1 shows the human
circulatory system based on transcapillary fluid dynamics, where plasma filtered through the
capillaries is reabsorbed directly to the blood vessels, whereas the remaining in the interstitial
fluid is returned by the lymphatic system [1]. The fluid exchange is balanced by hydrostatic
pressure P and osmotic pressure «, which determines the direction of fluid flow between the
capillaries and the interstitium [2]-[4]. Since the development of edema is due to
abnormalities in either or both parameters (P and x), such as increased capillary hydrostatic
pressure P due to venous stasis and increased interstitial oncotic pressure z due to protein

retention in subcutaneous tissue, the mechanisms of edema are quite diverse resulting in a

Arterial & Capillary  Venous & Capillary Lymphatic vessel

Capillary hydrostatic pressure

P, = 35mmHg P.=16mmHg

Plasma protein oncotic pressure
7, = 26mmHg m,=26mmHg

P
Sub-glycocalyx oncotic pressure

7,= ImmHg ;= ImmHg

Interstitial hydrostatic pressure, _
P,=OmmHg Py=0mmHg

”
4
’

. ¥
-
- -

i Ibumin & etc.
Water transportation (%)

Water & protein filtration
(+10mmHg)

Figure 1.1 Overview of transcapillary fluid dynamics.
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Table 1.1. Types of edematous disorders.

Generalized edema Regional edema
*  Cardiac disease * Lymphedema
* Renal disease »  Deep venous thrombosis
«  Chronic Venous Insufficiency »  Post thrombotic syndrome
*  Hepatic disease * Varicose vein
* Elderly edema »  Compartment Syndrome
* Lipedema »  Arthritis
*  Malnutrition »  Presence or recurrence of cancer
*  Pregnancy/premenstrual
* Idiopathic edema
*  Medication
*  Orthostatic edema

variety of edematous disorders, as shown in Table 1.1. There are two major types of
edematous disorders, 1) Generalized edema, which is mainly treated by internal medicine and
rarely a target for treating the edema itself, whereas 2) Regional edema is often a target for
treating the edema itself. In most cases of regional edema, a typical example is lymphedema,
a bilateral difference is observed as a clinical finding. Since our final goal is the early
diagnosis of lymphedema, the following paragraphs focus specifically on lymphedema,
among other types of physiological edema.

Lymphedema is a swelling of arms or legs due to the fluid accumulation in the interstitium
containing high concentrations of albumin and other proteins that are not collected in the
lymph vessels, which is known as severely reducing quality of life (QOL) disease. The
lymphatic disorder is often the result of regional lymph node dissection (LND), postoperative
irradiation, and taxane-based chemotherapy [5], [6], with a high incidence of lymphedema at
around 15.5% [7]. In total, lymphedema is reported to affect 0.2 million in Japan, 1.2 million
in Africa and Southeast Asia, and 40 million worldwide [8]. While lymphedema is difficult
to cure once it develops, appropriate risk management is known to be an effective deterrent
to its onset. Continuous treatment with regular follow-up surveillance is essential to avoid
exacerbations, especially in the early stages, such as stage 0, which is described as a
subclinical state without peripheral swelling, but with evidence of impaired lymphatic
function, or stage I, which is described as reversible pitting edema without palpable fibrosis
[9]. In recent years, an increasing number of reports have been published that early
intervention provides a clinically evident improvement in many cases, thus preventing the
progression to the chronic phase [10]-[13]. Despite the recognized importance of early
diagnosis, lymphedema is frequently misdiagnosed, treated too late, or not treated at all [14].

The treatment might be delayed without a proper diagnosis, resulting in secondary fibrosis
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and lipid deposition. Therefore, early diagnosis of lymphedema can benefit from quantitative
and non-invasive methods to monitor “local” change of ECF in subcutaneous adipose tissue

(SAT), which are especially specific to early symptoms.

1.2.Conventional Monitoring Methods and Problems

The conventional monitoring method for lymphedema diagnosis currently recommended
by the International Society for Lymphology (ISL) is Technetium-99m lymphoscintigraphy
[15]. Aradioactive contrast agent is injected subcutaneously into the dorsum of the hands and
feet, allowing the rough observation of lymphatic pathways and obstruction. While its
advantage lies in its ability to visualize the state of the lymphatic system from the abdominal
cavity to the thoracic duct and venous horn, its disadvantage lies in the difficulty of obtaining
detailed images to monitor “local” change in the affected limb. Moreover, the test is not
suitable for early diagnosis due to the high burden on the patient (radiation exposure, pain)
as well as the limited number of facilities where lymphoscintigraphy is available.

Another conventional monitoring method for lymphedema diagnosis is indocyanine green
fluorescent lymphography (ICG-LG), which is currently applied mainly in plastic surgery
[16]. ICG is injected intradermally into the periphery of the affected limb, which majorly
binds to albumin to be transported into the lymph vessels, allowing the observation of
lymphatic pathways and obstruction in more detail than lymphoscintigraphy. While its
advantage lies in its useful and low-cost assessment of lymphatic vessels in real-time, its
disadvantage lies in the inability to monitor “local” change in the deep lymphatic system
(>1.5 cm) as well as the limited number of repeated tests because injected ICG remains in the
subcutaneous tissue for 2-3 weeks.

In order to monitor “local” change in morphological structure as a conventional
monitoring method, ultrasound imaging (UI) is also widely used for observing the state of
edema even if a definitive diagnosis is not possible [17]. However, UI still does not monitor
components volume/concentration in ECF because Ul focuses only on tissue morphological
structure of the whole cross-sectional diseased tissue, e.g., SAT, which makes early diagnosis
extremely difficult after all because it is not a “finding of lymphedema” but a general “finding
of'edema.” In this sense, other imaging modalities that focus on morphological structure, such
as magnetic resonance imaging (MRI) and X-ray computed tomography (CT), still remain
insufficient for early diagnosis [18].

As an alternative monitoring method, bioelectrical impedance analysis (BIA) is
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commonly used as a non-invasive, harmless, and simple method for monitoring impedance
arising from change in components volume but not concentration in ECF [19]. Numerous
reports in recent years have supported its usefulness for early diagnosis, especially coupled
with the patient surveillance model (PSM) [11], [13], [20], [21]. However, BIA is not able to
monitor “local” change in components volume in ECF because the measurement target is too
broad on the whole section of human limbs [22].

In the end, conventional monitoring methods are insufficient for the early diagnosis of
lymphedema, as summarized in Table 1.2. Under these circumstances, electrical impedance
tomography (EIT) is getting more desirable than the above conventional monitoring methods
because EIT is able to monitor both “local spatiotemporal” change (LSTC) of components

volume/concentration in ECF as well as easy operation, non-invasive, harmless, low cost, and

Table 1.2. Conventional monitoring methods and problems.

Methods Features Problems
Lymphoscintigraphy * Rough visualization of lymphatic « Difficulty of obtaining detailed images to
pathways and obstruction from the monitor “local” change
abdominal cavity to the thoracic ductand | « High burden on the patient (radiation
venous horn exposure, pain)
* Limited number of available facilities
Indocyanine green * Detailed visualization of lymphatic * Inability to monitor “local” change in the
fluorescent pathways and obstruction deep lymphatic system (>1.5 cm)
lymphography (ICG-LG) | * Low-cost * Limited number of repeated tests
* Real-time
Ultrasound imaging (Ul) | < Observation of a general “finding of * Inability to observe a “finding of
edema” lymphedema”
* Low-cost, harmless, already widespread * Low inter-rater reliability
* Real-time
Bioelectrical impedance | ¢ Monitoring impedance arising from * Inability to monitor “local” change in
analysis (BIA) change in components volume in ECF components volume
» Harmless, simple « Inappropriate for bilateral lymphedema
* Numerous reports for its usefulness for
early diagnosis

capable of real-time monitoring [23].

1.3. Thesis Objective

In order to resolve the conventional methods’ problems, the author has proposed EIT for
monitoring “local” volume/concentration change in the extracellular fluid (ECF). In
particular, the physiological edema, which can be examined in healthy subjects, has been
deeply investigated as fundamental research towards the early diagnosis of lymphedema. The

thesis objectives are systematically structured as follows:
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1) Investigation of physiological edema on conductivity distribution ¢ in lower leg

subcutaneous tissue. Firstly, this thesis provides the study of ¢ in lower leg subcutaneous

tissue. The reconstructed results of ¢ show a good correlation with ECF volume measured by
BIA, which suggests the possibility of monitoring volume/concentration change.

2) Investigation of the relationship between frequency-dependence and absolute

conductivity value in the reconstructed image through the miniature EIT sensor as

fundamental research towards developing data preprocessing. Secondly, this thesis explores

frequency-difference electrical impedance tomography (fd-EIT) to understand why multiple
objects are elucidated, even when the steps of conductivity increments are identical among
the objects.

3) Development of multifrequency EIT (mf-EIT) with a ratiometric preprocessing for

boosting robustness under high conductivity contrast of biological tissue and suppressing

excessive noise. Thirdly, this thesis investigates imaging of calf compartments by minimizing

the conductivity contrast p that is inherently high in the human body. Based on the
reconstructed results, the proposed ratiometric EIT could minimize p while maintaining high
distinguishability in the heterogeneous background without any a priori information.

4) Monitoring of local-spatiotemporal change (LSTC) in the extracellular fluid (ECF)

by time-variation-constraint sparse Bayesian learning (tvcSBL) implemented into frequency-
difference EIT (fd-EIT). Fourthly, this thesis explains the possibility of monitoring the LSTC

in ECF by the proposed tvcSBL-fdEIT, which consists of three steps; Step 1: formulation of
blocked column vector (BCV), Step 2: SAT separation by time variation constraint, and Step
3: temporal correlation extraction by hyperparameter learning.

Finally, the proposed EIT offers an innovative reconstruction technique for monitoring
“local” volume/concentration change in ECF with the aid of ratiometric preprocessing and

Sparse Bayesian Learning (SBL), which are particularly focused on physiological edema.
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2. Electrical Impedance Tomography (EIT)

2.1. EIT Overview

Electrical impedance tomography (EIT) is a non-invasive, non-ionizing, fast-response,
easy operation, and inexpensive monitoring technique that visualizes the internal conductivity
distribution ¢ based on the boundary voltage V [1]. EIT was developed around three decades
ago as a functional monitoring to analyze the pathology and physiology of the human body,
including limbs [2], breasts [3], lung [4], and brain [5]. Similar to bioimpedance analysis
(BIS), EIT employs impedance measurement using a four-electrode method. The difference
is that EIT performs multi-projection measurements using four or more electrodes to
reconstruct an image of the object. Figure 2.1 shows the schematic of the EIT system
configuration where the domain (e.g., bone, muscle, fat) is excited electrically by the
electrical currents | injected through the electrodes, which are discretely placed along the
domain boundary (e.g., skin). EIT focuses on the electrical impedance characteristics of
organs and tissues, which diversify according to physiological and pathological conditions
[6], which utilizes various excitation patterns to apply safe driving current/voltage to the
human body, measures the response information through the safe excitation of biological
tissues, and reconstructs ¢ inside the human body [7]. The current excitation is applied into
the measurement section through a pair of electrodes and excites the sensing field. The
changes of impedance Z in the measurement domain Q are detected by the sensing field
resulting in the change of the electrical potential distribution ¢. Similarly, the boundary
voltage of the sensing field changes accordingly. The measured voltage therefore contains

information about the impedance in the sensing field.

Figure 2.1 Schematic diagram of EIT system configuration.

18



In Figure 2.1, when a periodic constant current is applied to the domain Q at a angular
frequency o from the boundary surface 0Q, the electric and magnetic fields at 0Q also vary
periodically at the same w, which are expressed as Ee’”* and He'*", respectively. In this case,
Ampere’s law and Faraday’s law are as follows [8]

VxH - joD =i (2.1)
VxE+ joB=0 (2.2)
where i is the current density, D is the electric flux density, and B is the magnetic flux density.
Given the isotropic materials, the following relationship between D, B, E, and H is as follows
D =¢greoE (2.3)
B = urp0H (2.4)
where &, o, ur, and po are the relative permittivity, the vacuum permittivity, the relative
permeability, and the vacuum permeability, respectively. Moreover, a differential form of
Ohm’s law is expressed as follows
i=cE (2.5)
The following equations are obtained by substituting Equations (2.3) and (2.4) into Equations
(2.1) and (2.2)
VxH =(o+ jwereo)E (2.6)
VxE =—jaurpoH (2.7)
Using the following relationship between the electric field E and the potential ¢,
E=-Vp (2.8)
Equation (2.6) can be written as follows

Vx H=—(o+ jwee) Ve (2.9)

By multiplying both sides by V-, the left-hand side of Equation (2.9) can be written as
follows

VVxH =0 (2.10)
Considering the real part, the following Laplace equation is obtained in the absence of interior
current sources

V-(6Vp)=0 (2.11)
This is the governing equation between the conductivity ¢ and the potential ¢ in Q. Moreover,
the Neumann boundary condition on the excited electrode is written by

I=0oVu-n, (2.12)
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where naq is the outward unit normal vector. In EIT, Q is discretized into N elements to yield
the conductivity distribution ¢ = [o1,..., on,..., on]eRN. Subsequently, the boundary voltage
VisV =[vy,..., Vm,..., vm]€RM, where M is the total number of measurement pairs. Since EIT
is an optimization-based method, the derivative of the voltage measurements with respect to
a conductivity parameter often needs to be calculated. In other words, the sensitivity matrix

JeRMN s required

avl 8V:L
8_61 oy
J=| . (2.13)
Vy Vy
oo, ooy,

with which the element Jm, 0f m-th measured voltage pattern at n-th mesh element is obtained
by [€]

J = N :IVu(ie).Vu(im)dQ (2.14)

mn—
oo, 3

where u(i®) is the potential field produced by injecting current i into the e-th electrode, u(i™)
is the potential field produced by injecting current i into the m-th measured voltage pattern,
Vm IS the measured voltage at the m-th measured electrode pattern (1<m<M). Finally, the
following governing equation is obtained
V=Jo (2.15)

Unfortunately, J is known not to have an inverse matrix; thus no unique solution. Furthermore,
since M <N, EIT is an ill-posed inverse problem; therefore, an approximate solution must be
sought by a suitable algorithm. Since the least-squares approach mostly fails in the ill-posed

inverse problem, the approximate solution is sought by regularizing the optimization problem

o =argmin (||Jc -V +ﬂ||6||2) (2.16)

where J is usually calculated under the homogeneous condition 6o [10] and 1 is the
regularization hyperparameter. The A controls the trade-off between the exact and
approximate solution. Equation (2.16) is conventionally solved by the Gauss-Newton
algorithm because it is the most often used solver for the biomedical EIT due to its robustness

to noise [11], which is computed with the Tikhonov regularization [12]

20



6" ="+ (3" I+ ANIT(V-I6")]+ Al (o, — ") (2.17)
where 6" is the conductivity image at the it-th iteration step. Even though the Gauss-Newton
algorithm is helpful for relatively mildly noisy environments, the difficulties still lie in the
real clinical world; therefore, other promising algorithms, such as Sparse Bayesian Learning
(SBL), are investigated as well as efficient preprocessing called “ratiometric” in the following

chapters.

2.2.Electrical Properties of Biological Tissues

The human body is mainly composed of hydrogen, oxygen, carbon, and nitrogen, which
comprise 63 %, 25 %, 9 %, and 1.4 %, respectively, within the body [13]. These four main
atoms within the human body form covalently bonded ions based on the electron pairing of
two atoms, such as water. Human biological tissue is composed mainly of water. Therefore,
human biological tissue is able to be classified as a conductive medium. Figure 2.2(b) and
(c) shows the reference values for the conductivity and relative permittivity of biological
tissues measured in vitro by the Italian Institute of Applied Physics [16]. These reference
values are beneficial to understand the basic principle of biomedical visualization in EIT, for
example, monitoring of physiological edema at low frequency by analyzing the extracellular
fluid (ECF) [17].

In order to evaluate the physiological edema by EIT in healthy subjects, the electrical
properties of the human calf are considered. Figure 2.2 shows an example of human calf
compartments and corresponding dielectric properties with a diversified spectrum over
frequency. The calf compartments comprise seven compartments as shown in Figure 2.2(a);
skin (Q%), SAT (Q%T), muscle (Q™), bone cortical (Q), bone marrow (Q™). Each
compartment has a various dielectric relationship with frequency, as shown in Figure 2.2(b)
and (c) (adapted from [15]), which provides structural information about changes in
physiological conditions via frequency-difference EIT (fd-EIT) [16]. The conductivity value
or on each compartment Q parameterizes the raw impedance zmf variously depending on Q
by the nonlinear transformation or—zms on the boundary 9. In this study, or in Q% QAT Q¢
and Q"™ are considered as anomalies o = ¥% (Q%, QAT, Q™ QP™): in contrast, or in Q™ is

regarded as a background ¢®%= »*% (Q™). Here »* and x*% denote the characteristic function
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Figure 2.2 Example of segmented human calf compartment and change in electrical properties of
human calf compartment over frequency. (a) Calf compartment. The superscripts represent the
corresponding tissues. (b) electrical conductivity, (c) relative permittivity.

to specify of in the FEM mesh of the anomalies and background, respectively. Under these
circumstances, several hypotheses are come up with, especially beneficial for monitoring of
physiological edema; for example, fd-EIT is theoretically able to monitor the spatiotemporal
change of components volume/concentration in ECF because ¢ of NaCl solution as the main
component in ECF is frequency-independent below frequency f = 1MHz [17], whereas ¢ of
protein solution as the subcomponent in ECF is frequency-dependent [18]. According to this
explanation, spatiotemporal change of components volume/concentration in ECF is
considered a key target for monitoring physiological edema. In the case of lymphedema, the
very-small change must be monitored, especially for early diagnosis; therefore, the
investigation of the EIT algorithm with “high distinguishability” and ability to reconstruct
“local-spatiotemporal change (LSTC)” is reasonable; in this thesis, the former is sought by
“ratiometric preprocessing” whereas the latter is sought by “time-variation-constraint sparse
Bayesian learning (tvcSBL)” implemented into fd-EIT.
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3. Investigation of physiological swelling on conductivity

distribution in lower leg subcutaneous tissue by EIT

3.1.Research Motivation

Variation of the physiological condition of subcutaneous adipose tissue (SAT) has been
diagnosed as a part of metabolic syndrome (MetS) [1], lymphedema [2], Dercum’s disease
[3], and obesities [4]. Multi-Frequency Bioelectrical Impedance Analysis (MFBIA) or Bio-
Electrical impedance spectroscopy (BIS) is proposed as a rapid tool for SAT assessment as it
has demonstrated a significant impedance difference between healthy and abnormal SAT
[2,4,5]. MFBIA uses 8 resistive electrodes attached to the ankle and wrist through multi-
frequency impedance measurements on the whole body. Its portability and non-invasive
characteristic make MFBIA more attractive for routine physiology measurement [6].

MFBIA is used based on the fact that the current flow through biological tissue is
frequency-dependent [7]. At low frequencies, the membrane cell acts as a high impedance. It
makes the current flows only at extracellular fluid. Meanwhile, at the increase of frequency,
the impedance of the cell membrane is decreased and makes the current possible to penetrate
into the intracellular fluid. Several Anthropometric parameters need to be considered to relate
the measured impedance with the water content at interstitial fluid, such as body weight, body
height, gender, age, and postures [8]. MFBIA assumes a human body as a single object to be
measured in which only single volumes of particular compartments are measurable [9].
However, there are a number of potential limitations to MFBIA, such as an inability to assess
heterogeneity of SAT and to differentiate edema type accurately and albumin accumulation
location [9,10], and the performance depends on the accuracy of the controlled clinical
condition [11]. These issues make a shortcoming and lead to the modification of MFBIA to
localize body segment impedance evaluation [10,12].

Our objective is, therefore, to develop non-invasive and low-cost medical equipment
using impedance measurement with several multi-projection, i.e., using Electrical Impedance
Tomography (EIT). EIT is a non-invasive medical imaging method that can show the
conductivity distribution of the human body [13-15]. In EIT, the domain (e.g., bone, muscle)
is excited electrically by the electrical currents injected through the electrodes, which are
discretely placed along the domain boundary (e.g., skin). The exciting electric field in the

domain is determined in accordance with the geometry, the boundary conditions, and the
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internal distribution of the electrical properties such as conductivity. The excited voltages on
the electrodes can be measured and then used to reconstruct the internal conductivity
distribution. As the human body has been demonstrated to have different electrical properties
[16], a cross-sectional view can be reconstructed with EIT to identify any abnormalities; on
the subject of the early detection of lymphedema, which is the protein accumulation in
subcutaneous adipose tissue. The relative value is mostly used for the image reconstruction,
i.e., homogeneous data is taken as a reference to image the difference owing to the
abnormality. However, it is troublesome considering that homogeneous reference data cannot
be taken in biomedical instrumentation as they always vary over different subjects, and the
human body is composed of complex properties.

This paper aims to investigate the feasibility of EIT to assess interstitial fluid in SAT as
a preliminary step in lymphedema early detection. We measure the right lower leg to examine
to what extent our EIT system with the novel threshold technique has the quality to show the
morphologically same image as a sample of the MRI image. A physiological swelling
experiment is then carried out to scrutinize the relationship between MFBIA and our EIT
system. In order to effectively focus on the varying water contents, image-based reference
EIT is proposed.

3.2.Materials and Methods

3.2.1.Image-based reference Electrical Impedance Tomography (IBR-EIT)

The aim of EIT is to recover conductivity distribution 6€R" inside the domain Q from
Neumann boundary voltage V where N is the number of mesh (1<n<N). Considering the high
ill-posedness of the inverse problem of EIT, the solution ¢ is estimated by minimizing the
output least-squares concerning the actual measured voltage V™ and the simulated voltage
V=Sg;

. 2 2
6 =argmin [vaeas —SGH +A|Ra] } (3.1)

where S, 4, and R denote the sensitivity matrix, the regularization parameter, and a
regularization matrix, respectively. In most cases, R is the diagonal matrix with the expected
conductivity oo?, i.e., Rmm=00%, and this penalty term relates to the prior information.

As the human body is very complex and has inhomogeneous electrical properties, there

are problems not only to refer homogeneous reference conductivity but also with obtaining
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the prior conductivity distribution. Thus, the problems can be compensated by considering
the first measurement voltage data as the initial conductivity distribution and subtracting the
conductivity distribution at a different time point relative to the initial conductivity. The initial
conductivity distribution ¢ are reconstructed using the absolute EIT method [18]. In order
to observe the minuscule change of conductivity in subcutaneous tissue over the long-term
standing (expressed in the subsection Experimental setup and condition), the subtraction can
be performed based on the assumption that there is no distortion except for the influence from
the change associated with the extracellular matrix in the subcutaneous layer. The general
schematic flow of the proposed method or image-based reference EIT (IBR-EIT) with fat-
weighted threshold method is as follows:

Table 1. Schematic flow of image-based reference EIT (IBR-EIT).

Step 1:

Defining filter method to eliminate the muscle’s conductivity distribution and
unexpected noise background

Obtain: Equation (3.2)

Step 2:

Using voltage data t = 0 as an initial conductivity distribution, selecting the mesh
of SAT on the forward problem mesh condition, calculating the fat-weighted
threshold value <¢™>+std(¢™)

Obtain: Fat weighted threshold value <¢™>+std(¢™)

Step 3:

Applying the filter on Equation (3.2) to experimental data

Obtain: 6™ and ¢

Step 4:

Using voltage data t = 30, 60, and 90 mins to evaluate the varying water content to
obtain the conductivity distribution, applying Equation (3.3)

Obtain: ¢

Considering the fact that skin is a highly resistive material and the human body has a complex
conductivity distribution, we first apply the nonlinear absolute Gauss-Newton imaging [19],
where we set 6o based on reference conductivity data [16] for each body part such that the
muscle is the most conductive, which is followed by the fat and the bone in order. We choose
the Laplace prior, in which the regularization matrix is interpreted as a 2" order High Pass
Filter (HPF) [20]. After obtaining the inhomogeneous reference, we implement the filtering

process to all the data that weights the subcutaneous layer
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c,=0, ifc,<(c™)+std(c™)

o :<Gmuscle>’ if o, > <6fat>+std (Gfat) (3.2

where oy, is the n-th element of the estimated ¢ while <¢™> and <¢™“*> are the spatial-
mean of the estimated o in the SAT layer and the muscle layer according to the FEM mesh
(Figure 3.1), respectively. The operator std(-) returns the standard deviation. As for the
elements lower than the threshold, those still entail the effect arising from fat and bone,
considering the conductivity of bone is lower than that of fat. This FEM forward mesh is
generated based on a sample of an MRI image using Netgen software (Netgen 4.9.13). Then
the predicted absolute conductivity ¢* is used as the image-based reference in the later image

reconstruction as follows;

Gdiff — 6_(;abs (33)

in which not only to reconstruct the absolute conductivity value but also to focus on the
relative value. The 6™ denotes the difference in conductivity distribution compared to the
absolute 6, Based on the assumption regarding the muscle and bone area, the distortion in
its area is also smoothened to reduce the background noise further. Here, importantly, the
image error derived from the existence of the tibia, which does not accumulate liquid, could
be mitigated when that influence acquired is constant across the experiments. The advantage
of this method is to be able to focus on only the abnormalities, even if the background is

inhomogeneous.

We implemented the quasi-adjacent stimulation and measurement pattern to accelerate
the sensitivity near the boundary and the sensitivity map area [21] as the subcutaneous layer

is located on the peripheral side of the domain, as depicted in Figure 3.1.

In order to compare the quality of the proposed method, a time-difference EIT was carried

out [13], where the reference was taken from the simulation data

thEIT — 6_()_homo (3.4)

where ¢™™ represents the homogeneous conductivity distribution. In this simulation, we
assume that the lower leg has three different values, i.e., the SAT layer, muscle, and bone.
Those values were as identical to those used in FEM. Other settings such as the stimulation

pattern, the magnitude of current, and the frequency, were the same as in the experiment.
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Figure 0.1 FEM forward mesh based on an MRI image. White, red, and blue part indicate
SAT layer, muscle, and bone, respectively.

3.2.2. Wearable Sensor

As the human body is not a precise circle and the shape varies significantly among the
subjects, the sensor configuration is often troublesome, especially for human subjects.
Therefore, we developed a wearable EIT sensor, which has a row of 16 equidistant silver yarn
electrodes and these electrodes are attached on a flexible cloth made of polyester. The
electrodes are shielded by thermoplastic polyurethane (TPU) as a countermeasure for the high
contact impedance [22]. It is worth mentioning that this sensor is excellent in adhesion to the
skin so that contact impedance can be reduced. Furthermore, this sensor can adapt its size and

shape to any subject with less discomfort.

3.2.3.Experimental setup and Conditions

Figure 3.2 shows an impedance analyzer (Impedance analyzer IM3570, HIOKI) and a
multiplexer (multiplexer 34970A, Agilent) as the data acquisition system, which is connected
to the wearable EIT sensor and a PC using coaxial cable and USB cable, respectively. The
PC has installed LabVIEW (LabVIEW 2015, National Instruments) in order to visualize the
spectrum and control the data acquisition system. The amplitude of the sinusoidal current is
set as 1 mA, and 1 kHz frequency is selected to focus on the extracellular fluid as the low-
frequency current penetrates only in the interstitium [23,24]). A multi-frequency impedance

body composition analyzer (InBodyS10, InBody Japan Inc.) was used to measure
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Multlplz\J
GND Insulation mat

Figure 0.2 Experimental setup.
extracellular fluid volume in the right leg to acquire the varying water contents, which pertain
specifically to the conductivity change.

Chester et al. reported a change in lower leg volume over time while standing [25].
Therefore, in our experiments, 3 healthy male subjects (Age = 22-33 years old, BMI = 23.2—
26.0) stood for 75 minutes without any minor movement except when applying the
measurement devices, followed by a 15-minute exercise to enhance the effect of the
hydrostatic pressure of the vein as shown in Figure 3.3. EIT measurements and MFBIA were
taken consecutively after every 30 minutes.

These experiments were carried out repeatedly for 5 days to attain the reliability of the
experimental data. As MFBIA data is prone to be influenced by physiological information,
the subject was strictly controlled regarding life activity such as wake-up time and breakfast

menu throughout the experiment days.

| | 15m|n
Standing posture Exercise

| I
t=0 t=30 t=60 t=90

Figure 0.3 Schematic diagram of the experimental schedule. After the 3rd measurement (¢ =
75 min), the subject did exercise to promote varying water contents compared to the original
physiological state at the beginning of the experiment.
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3.3.Experimental Results

3.3.1.Reconstructed conductivity distribution
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Figure 0.4 (a) Normalized absolute conductivity distribution of the right lower leg (viewed
from the top) reconstructed by absolute EIT at 1st measurement; These are used as
inhomogeneous reference data in (b). Time series of reconstructed relative conductivity
distribution using the image-based reference EIT (b) and conventional time difference EIT
(c) at 2nd, 3rd, and 4th measurement, respectively.
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Figure 3.4(a) shows the normalized conductivity distribution reconstructed by absolute
EIT on each day of one individual at the first measurement, which demonstrably shows the
expected results. Figure 3.4(b) and (c) shows the time series of the reconstructed difference
conductivity distribution on each day at t = 30 mins, 60 mins, and 90 mins with the proposed
method and the conventional time difference EIT, respectively. Figure 3.4 (a) reveals the
predicted subcutaneous layer based on the proposed fat-weighted threshold method. It has a
satisfactory quality about the morphological relationship with an MRI image. The
reconstructed SAT layer can be identified well throughout the experiment days. Although
some noise can still be observed in Figure 3.4 (b), in which the proposed method was used,
conductivity at the SAT layer is increased as time passes, which indicates water increase in
the layer. On the other hand, there is almost no change in Figure 3.4 (c), in which the
conventional time difference EIT was used; therefore, time variation cannot be observed. No
change can be seen in the muscle and bone area in both methods, and the impedance artifacts
in the periphery arise from the influence of the measurement and the modeling errors. Similar

results were acquired over the course of experiment days.

3.3.2. Temporal variation of normalized spatial-mean conductivity

Figure 3.5 shows the temporal variation of normalized spatial-mean conductivity in the
predicted SAT layer (white part in Figure 3.1) and segmental extracellular water volume in
the right leg from EIT and MFBIA data, where the average of 5 days was taken at each time
point. The effect of long-term standing and exercise can be seen clearly. The correlation

1.4
1.2
- 1
=
£0.8
z
g
= 0.6
1
E
204 B IBR-EIT
0.2 - MFBIA
0 & . L
0 30 60 90

Time [minute]
Figure 0.5 The normalized temporal variation of normalized spatial-mean conductivity in
the predicted SAT layer (white part in Fig.1) and segmental extracellular water volume in
the right leg from image-based reference EIT (IBR-EIT) and MFBIA data, respectively.
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coefficient of EIT and MFBIA is achieved to R?=0.927.

3.4.Discussion

3.4.1.Image interpretations

Ab solute EIT successfully reconstructed the images of the SAT layer; therefore, the fat-
weighted threshold has a good potential to assess the interstitial fluid in the subcutaneous
adipose tissue. Even though there is much background noise in the center of the images before
the threshold process, this proposed method was able to reduce it sufficiently. On the other
hand, as the thresholding result is calculated based on the average and the standard deviation,
it may be affected when the signal-to-noise ratio (SNR) of the measurement voltage becomes
lower [26]. Moreover, this thresholding can be performed based on the element selection of
the FEM mesh; hence, it highly depends on the modelling.

We realize that the MRI data used in Figure 3.1 is not always available for routinely
monitoring using EIT. We used one MRI data as a piece of prior known information in order
to consider the inaccuracy of the reconstruction algorithm and the boundary geometry effect
on the reconstructed image. Considering this known information, we can obtain the average
and standard deviation of SAT <¢™>+std(¢™), muscle, and bone through a mesh number
obtained from MRI. The average of the predicted conductivity of the SAT <¢™@>+std(¢™),
which is a fat-weighted threshold value, is used to filter the conductivity distribution of
experimental data as shown in Equation (3.4). Because the SAT position is always near the
skin edge, obtaining the average and standard deviation of SAT <¢™®>+std(¢™) can use a
sample from some portion of mesh near the wall and has lower conductivity as compared
with muscle region. The most reliable approach, in order to obtain a sample from some
portion of the mesh, which is close to the boundary and has low conductivity, is to define the
mesh condition for the forward problem, as shown in Figure 3.1. In this mesh condition, the
tibia is disregarded because its image error tends to be constant during the different time
points; thus, it can be neglected considering the fluid analysis. The mesh of the SAT could be
changed into a very thin layer in order to accommodate a very thin subject.

In this chapter, image-based reference EIT (IBR-EIT) was applied to see the variation
over reconstructed conductivity distribution, where the reference was obtained using the

absolute EIT at the 1st measurement to focus on the relative value as time goes by. Even
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though the images changed and the conductivity increased in most cases, stability is still a
problem.

One of the reasons is the mathematical error in Equation (3.6). It is not enough just to
subtract the value and should be compensated by introducing the penalty term or the weighted
function [27]. The other reason for the lack of stability is measurement error. The subject
wore the wearable sensor in the same position throughout the experiment days. It is known
that even tiny changes, such as moisture on the skin, significantly change the conductivity.
Thus, these problems should be calibrated mathematically and empirically.

Conventional time difference EIT was also implemented to compare the results, where
the reference was taken from the simulation data. One of the reasons why the conductivity
change was too small to see the difference in the conventional time difference EIT arises from
a huge span of the impedance magnitudes. The ideal case was considered in the simulation,
where the electrodes were properly attached to the skin, and the currents flowed through only
on the two-dimensional surface. In addition, the contact impedance was set to a relatively
small value. In the practical case, these conditions should be considered well, e.g., the electric
currents are not generally confined to a two-dimensional plane [28], and the contact
impedance is relatively large, especially in medical applications [29]. This same mistake
about the current goes for the difference in the impedance magnitude of EIT and MFBIA.
The former has an impedance different by four orders of magnitude from the latter. However,
it does not necessarily mean those two data sets cannot be compared as the change of the

extracellular matrix due to the physiological swelling generally affects the lower leg.

3.4.2.Impedance variation over time

Although EIT data and MFBIA data had a good correlation in Figure 3.5, EIT images
failed to sufficiently elucidate the difference over time. Concerning high resistivity in the
human body, especially the skin, the injected current might penetrate an undesirable pathway.
Figure 3.6 shows the magnitude variation of impedance at 0 min and 60 min on Day 1.
Impedance decreased due to the rise in the extracellular water volume. In the quasi-adjacent
stimulation, the magnitude should be the biggest at the 7+12x(l—1) th [16], when the current
is injected into the sensor through electrode pair 1-2 while the boundary voltage was
measured at electrode pair 9-10 in the first round. Nevertheless, measured impedance data
mostly experience the periodic peak at the 12xl th (I=1~16) measurement pattern.

Considering the morphological information, this is ascribed to the presence of the tibia, which
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Figure 0.6 The magnitude of impedance at 0 min and 60 min on Day 1.

is located near the skin. As bone is a high-resistive material as well as fat, it might affect the
current pathway, i.e., the accuracy of measurement data might be low when the stimulating

electrodes are close to the tibia.

3.5.Summary

In this chapter, we investigated the feasibility of our EIT system to obtain a reconstructed
image, which has a good correlation with an MRI image and the MFBIA data. We carried out
a physiological experiment using a wearable 16 electrodes sensor and acquired the image
using fat weighted threshold and image-based reference EIT (IBR-EIT). The absolute EIT
images with the proposed threshold technique were able to visualize the subcutaneous adipose
tissue (SAT) layer, which is morphologically similar to an MRI image of the right lower leg.
Besides, the time series of EIT images have a high agreement with the MFBIA data regarding
varying water content of the subcutaneous fat tissues in the lower leg due to the effect of the
physiological swelling over five experiment days; these achieved a correlation coefficient
R?=0.927 to the MFBIA data. Although there were some errors in the images, the image-
based reference EIT can focus on the distortion in the domain; furthermore, it effectively
removed the unexpected background noise. It is concluded that the proposed method will be
a great help to improve the treatment of lymphedema to preclude its chronic phase by

applying EIT after breast cancer surgery.
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Chapter 4 Investigation of the relationship
between frequency-dependence and absolute
conductivity value in the reconstructed image

through the miniature EIT sensor
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4. Investigation of the relationship between frequency-
dependence and absolute conductivity value in the

reconstructed image through the miniature EIT sensor

4.1. Research Motivation

Three-dimensional (3D) cell viability assays are increasingly needed to face the demand
generated by the transition from traditional two-dimensional (2D) cell culture towards 3D
cell culture systems that better mimic the behavior of cells growing in the natural environment
[1], [2]. Polymeric biomaterial scaffolds are commonly used for 3D cell culture to provide
structural support for cell adhesion and subsequent tissue development. In recent years,
several 3D cell culture methods have been developed, such as scaffolds and hydrogels [3],
[4]. These methods aim to achieve a more physiologically relevant environment to allow cell
proliferation and differentiation.

Confocal and fluorescence microscopy is typically used to image fluorescently labeled
cells in 3D. However, the penetration depth is limited to <50 pm in dense and highly
scattering tissues [5].

Light sheet fluorescence microscopy (LSFM) and two-photon excitation can image at
greater depth (100s of um), especially in combination with optical clearing [2]. However,
they are not well suited to provide longitudinal measurements and suffer from the scattering
generated by polymeric scaffolds. Optical coherence tomography (OCT) can be an alternative
application to scan at greater depth without labeling the samples. It was recently shown that
cell viability could be noninvasively and label-free inferred from the optical signal for 3D
tissue engineering scaffolds and spheroids [6]. Still, OCT is limited in scanning depth in
highly scattering cell-rich samples to a few 100s of pm.

Impedance-based cellular assays are an emerging alternative to overcome the limitations
of scanning depth and scattered cell-rich environments, as non-invasive electrical current can
travel several cms in tissues [7]. The passive electrical properties of biological cells are mostly
associated with the interfacial polarisation at the double-lipid bilayer membrane, which acts
as a capacitor that separates two ionic media, i.e., the cell cytoplasm and the surrounding
medium [8]. Therefore, the dielectric properties inside and outside the cell membrane can be
characterized by injecting a small non-invasive alternating current (AC) current through high

conductive microelectrodes at low and high frequencies. These features make it worthwhile
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to monitor cell proliferation [9], differentiation [10], and drug response [11].

When a sensor with multiple electrodes is used, the dielectric properties can be imaged
by applying electrical impedance tomography (EIT) reconstruction methods [12]. Recent
improvements in microelectrode technology enabled EIT to monitor the conductivity
distribution o at the cell scale. The essential parameters of EIT for tissue engineering in the
literature are summarized in Table 4.1. Linderholm et al [13] developed the first EIT sensor
for tissue engineering using an array of interdigitated electrodes to monitor the migration and
time-varying resistivity of adhesive human epithelial stem cells. It has also been reported that
the distribution of yeast cells sedimented at the bottom of the microchannel filled with
purified water was visualized [14]. In our previous work, the Agile Tomography Group at the
University of Edinburgh developed a miniature EIT sensor [15]. A 24-well-size circular
chamber was embedded on a printed circuit board and seamlessly integrated with the data
acquisition system, facilitating high sensitivity real-time monitoring of 3D cell samples.

Cancer cell line samples in 3D hydrogels were imaged using this miniature EIT sensor [16].

Table 4.1.
EIT for tissue engineering in literature.
Cell type Experimentation and electrode structure References
e Time-difference EIT to monitor the cell
Epithelial stem cells migration over a period of several days Linderholm et
YF 29 e using rectangular electrodes embedded on a al. 2006 [13]

cell culture chamber

e Absolute EIT to image the cell sedimentation

Yeast cells . o .
Saccharomyces in _purn_‘led water Liu et al.
o e using linear electrodes embedded on a 2016 [14]
cerevisiae . X
multilayered diamond-shape sensor
o Time-difference EIT to monitor cell viability
of a single sample of high-density cell
Breast cancer cells spheroids under drug insultation over a Yinetal.
MCF-7 period of several minutes 2018 [15]
e using circular electrodes embedded on a 24-
well-size circular sensor
e Time-difference EIT to monitor cell viability
of a single sample of high-density cell
Breast cancer cells spheroids with hydrogels under drug Wu et al.
MCF-7 insultation over a period of several minutes 2018 [17]

e using rectangular electrodes embedded on a
24-well-size circular sensor
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In addition, conductivity changes Ac with time-reference data associated with cell mortality
induced by cell lysis reagents matched cellular metabolic viability assay [17]. Despite these
recent advances, there is still a need to measure the 3D cell viability of multiple samples
simultaneously to provide biologically relevant data with sample repeats and controls. In this

paper, we demonstrated simultaneous imaging and measurements without time-reference data,
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Figure 4.1. (a) A 3D scaffold fabricated layer by layer using a 3D printer with biocompatible
materials, in which the design of the juxtaposed hexagonal posts enhances surface tension y 7],
Total height: 3mm, width: 300um, and spacing: 200um. (b) 3D printed objects and scaffolds
made out of the same resin. (c) Impedance spectra of the scaffold and cell lines measured by
impedance analyzer. (d) Impedance spectra of 3D printed objects and control group, in which
lower frequency peaks are attributed to contact impedance. (e) Normalized resistivity changes
Ap* of the scaffold, three other objects, and no object, which represent the conductivity changes
of the control group and the presence of 3D-printed objects situated in the center of an RPMI-
filled miniature sensor fImpedance spectra of cell lines in (c) is adapted from the work of A.
Han, L. Yang, A. B. Frazier [19].
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using a single EIT sensor, of cell viability for up to four 3D tissue engineering cultures of
Human epithelial ovarian adenocarcinoma cell lines A2780 embedded in collagen gels. To
this end, we introduced a 3D printed scaffold permissive to EIT measurement to hold and

culture the 3D cell-gel system.

4.2. Materials and Methods

4.2.1.3D scaffold design

We aimed to 3D print a biocompatible scaffold that could hold cells in solution, scaffolds,
or gels without interfering with the EIT measurement. Our strategy was to create a geometric
design that could effectively hold a certain amount of liquid or gel inside the cavity by surface
tension y to enhance cell-cell and cell-medium interactions, similarly to 2D solution
confinement based on adjacent posts [18]. Juxtaposed hexagonal posts with a width and
spacing of 300um and 200um, respectively, were chosen, as shown in Figure 4.1 (a).
Considering the minimum resolution of the 3D printer (Form2, Formlabs) and tolerable y for
maintaining the liquid, the height of the single channel was set to 600um. There are three
channels, and each is evenly connected by posts resulting in a sample with a total height of
3mm. The scaffold was 3D printed with a biocompatible resin (Dental SG Resin: Formlabs,
Massachusetts, USA), onto which cells can adhere. In some cases, the scaffolds were filled
with a collagen gel, as described below.

4.2.2.Electrical properties of scaffold

The frequency dependency of the scaffold was measured with a miniature EIT sensor
filled with cell culture media [15]. We used the adjacent four-wire method, in which the
injected electrode pair and the measurement electrode pair are independent [12]. In addition
to the design described above, we printed three other scaffold designs made from the same
resin, as shown in Figure 4.1(b), to investigate the frequency response of the scaffold
material. All 3D-printed objects were designed with 3D-computer-aided design (CAD)
software (Autodesk Inventor Professional 2019). Object 1 is the same octagonal design and
scale as the scaffold, but the inside is filled with resin. Object 2 and object 3 are both cubes,
3mm on each side, with and without a cube-shaped cavity, respectively. In addition, a scaffold
filled with a collagen gel (see Section 4.2.5) was also investigated. An impedance analyzer
(E4990A, Keysight) was used to inject a sinusoidal current 10 (ImA, 5-200kHz) and record
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the impedance magnitude zm. First, in Figure 4.1(c), the z, of each 3D-printed object and the
control group was significantly smaller than that of the cancer cell lines reported [19].
Therefore, the resin material has a very small contribution to the measurements compared to
the cellular materials. In Figure 4.1(d), zn is directly proportional to the volume except for
the relationship between object 1 and object 2. This relation explains current pathway does
not change significantly whether the object is hollow or not. We observed fluctuations
attributed to contact impedance at a lower frequency range (<10 kHz) [20]. While at a higher
frequency range (10 kHz-200 kHz), we observed a slight change of z, for all objects and
media compared to cancer cell lines. Therefore, the scaffold’s material can be assumed to be
frequency independent in our frequency range of interest. Figure 4.1(e) shows the
corresponding reconstructed images Ae, including a scaffold filled with a collagen gel. In the
reconstructed values, a quarter of the lowest signal from cells in the experiment described
later was set as a lower threshold. First, we can see the pictures of the samples inside the
miniature EIT sensor (first row) and the corresponding conductivity change Ao reconstructed
using time-difference EIT (tdEIT). As shown in the figures, tdEIT failed to cancel the
presence of the scaffolds in the reconstruction process. In contrast, when fdEIT reconstruction
method is applied, a homogenous distribution is observed, as only negligible values are
plotted compared to the cell dielectric properties. The image of the scaffold with gels is also
shown, which validates that fdEIT is more robust than tdEIT to eliminate the effect of gels,
considering the substantial gap in zn between the gel and cell with an intact insulating cell
membrane. Taken together, these data show that we can design a 3D printed scaffold to
support 3D cell culture that is effectively transparent to EIT.

4.2.3.Frequency-difference EIT

In EIT, the conductivity changes Ae are estimated from impedance differences AZ, which
are acquired through the current injection pair and impedance measurement pair, as depicted
in Figure 4.2 [12]. In fdEIT, they are presented as:
Zobj _Zref
Z

AZ = (4.1)

ref

where the impedances at an object frequency Zoj and a reference frequency Zrer are taken in
a manner of element-wise divide. We have chosen fdEIT over tdEIT for a reason stated in the
previous section. Since fdEIT is resilient to change in the background throughout the

experiment, it facilitates real-time monitoring [21]. Due to the ill-posedness of the EIT
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inverse problem, Jacobian matrix J is introduced, derived from the electric field E of
homogeneous conductivity distribution of each pixel at each measurement drive pattern [22].
Therefore, the mathematical formulation of EIT is expressed below [12].

AZ =JAc (4.2)
Then, Equation (4.2) is solved to estimate Ae by minimizing the problem [12]

Ao =argmin||AZ—-JAc ||’ (4.3)
Ac

In order to compensate for the error that comes from the high ill-posedness, the regularization
term R(Ao) is often applied to Equation (4.3) [12].

Ao = argmin (1AZ-JAc | +R(A0)) (4.4)
This equation can be interpreted as a constrained optimization problem [23]
rﬂ,‘g‘ (Ild [l +H(A®6)) such that d = ®(Ae) (4.5)
where
H(Ao) :%H AZ-JAe|? and || ®(A6) ||, = R(Ao) (4.6)

Here ||||rv represents the TV norm. Both H(Ac) and ®(Ae) are the convex problems to solve

the following equation by first converting them into an unconstrained problem [24]
1
Tig[n d |y +H(80)+~ || d - @(20) ||2j C)

Thereafter, Equation (4.7) can be adapted to new unconstrained optimization problems and
Bregman iteration updates [25].

¥ + . 1
(Ac",d"") = rﬂ'?(” Al +H(Ae)+ 2| d —®(Ac) - b ||2j (4.8)
bk+l :bk +((I)(Ack+1)_dk+l) (49)

where k is the iteration number and b is the measurement term (i.e., b*=AZ in the case of k=0).
Consequently, Ac is iteratively optimized through Equations (4.8) and (4.9) as an
unconstrained problem. The discretized pixels within the sensing domain £, consisting of
128 x 128 elements, were finally grouped to display Ae. We applied the structural constraint
to Ac, taking advantage of prior positioning information. The local maxima, considered the
center of the conductivity perturbations, was first calculated from the original distribution Ac.
Based upon it, the outermost boundary of the group for each inclusion was specified as

Region of Interest (ROI) so that the pixels within a reasonable circular region can be included.
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The diameter of the ROI circle, Rmax, iS selected empirically according to the size of the
miniature EIT sensor. Here, Rmax is set as 35 pixels in Q. Finally, inside the boundary, a
quarter of the local maxima was set as the lower threshold to enhance the recoverability.

«_ Ao if Ao >locmax(c)/ 4 (forall i)

- _ 4.1
0 otherwise (4.10)

in which Ag;i has to satisfy the condition that it is an element of each group. All the elements,
i=1,..., N, in the final image Aoi* were normalized by their maximum value from 0 to 1 for

better image interpretation.

4.2.4. Finite element simulation

Numerical simulations by COMSOL Multiphysics with an AC/DC module in the
frequency domain study were performed to model the miniature EIT sensor. 16 electrodes are
equally spaced on the circumference of the sensor and the ground electrode is situated in the
center. The frequency selection is based on the B-dispersion mechanism and sensor
configuration. We set the conductivity values e of the cells to increase linearly and have the
same value as the culture medium in case the most conductive cells are excited by higher
frequency. The cells are located vertically and horizontally symmetry, as shown in Figure
4.2. The impedance magnitude zqy of the electrical double layer (EDL) at the interface between
the electrode and the sample, known as contact impedance, strongly influences the boundary
measurement if the contacting surface area is as small as the miniature EIT sensor used in
this study (<0.5 mm2) [26]. Thus, the contact effect is considered by changing the material

property on the electrode-medium interface. In order to reduce the computational cost,

C — No.1 electrode
E Scaffold
L—
\ 7 Cells

Figure 4.2. EIT measurement configuration using adjacent drive pattern, in which current I is
injected sequentially in adjacent electrode pairs and the voltages V are measured in the
remaining electrode pairs. A pink object illustrates cells, which fill in the scaffold, a blue object.
Scaffold does not influence fdEIT image; thus, it is removed in the simulation to reduce the
computational cost
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scaffolds, the blue area in Figure 4.2, were neglected because they are regarded as static and
are equivalent to the background in fdEIT. Therefore, the cells, represented by the pink area,
have a unique shape as we hypothesized the scaffolds are perfectly filled with cells.

Consequently, the mesh consists of 551,744 voxels in the cylindrical sensing domain.

4.2.5.Cell culture

For details of cell culture and cell lines, see the pioneering work by A. Hallas-Potts, J. C.
Dawson, and C. S. Herrington [27]. Human epithelial ovarian adenocarcinoma cell lines
A2780 were kindly supplied by Charlie Gourley from the University of Edinburgh. The cell
lines were authenticated using STR profiling (Public Health England). They were routinely
cultured in RPMI Medium 1640 (1 %) supplemented with 10% fetal calf serum (FCS), 1X
non-essential amino acids (Sigma Aldrich, Irvine, UK), 100 uL/mL (v/v) penicillin-
streptomycin, 1 mL sodium pyruvate (Sigma Aldrich) and 1 uL/mL bovine insulin (Sigma
Aldrich). The cell lines were incubated at 37 °C with 5% CO2 in the medium, which was
changed every 48h. They had been acclimatized to this medium for at least 3 months prior to
experimentation. The experiment was conducted with cell lines no more than 10 passages
apart to ensure biological repeats and limit the mutational effect of passaging, using 0.05%
trypsin-EDTA (1x). 50% concentration collagen gel was prepared from rat tails as outlined
in previous work [28]. The collagen mix was prepared, and all ingredients were kept on ice
to ensure the collagen did not set; 125 pL Acetic acid (GIBCO, Life Technologies) and 30 pL.
MEM (10 x) (Sigma Aldrich) was added to 125 pL rat tail collagen. Then 0.25 M NaOH (in-
house) was added dropwise whilst gently mixing until the collagen mix turned orange but not
pink (approximately 30 uL. NaOH). Once the cell lines attained enough confluency, those are
subsequently resuspended in 15 pL collagen mix gel and quickly seeded in the scaffold. The
samples were lastly incubated at 37 °C, 5% CO2 for 10 min to allow the mixture to set. After
visualizing the samples with microscopy, the whole area occupied by cells and the sum of
cell counts in those images were calculated using the Renyi entropy threshold [29] to evaluate

quantitatively.

4.3.Results

4.3.1.Simulation Results
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In this study, the impedance measurements were simulated at low (10 kHz) and high
frequency (100 kHz) to capture the S-dispersion associated with the cell membrane. We
simulated two cases shown in Figure 4.3, in which the background conductivity ong was fixed
as ong=1.6 S/m for both cases. First, we simulated four cell-seeded scaffolds with increasing
concentration, as shown at the top of Figure 4.3(a). Then, we simulated four cell-seeded
scaffolds, with one having a lower cell concentration than the others, as shown in Figure
4.3(d). In the first case, the sample at ROI 1 is the most resistive, and ¢ increased anti-
clockwise towards ROI 2, ROI 3, and ROI 4, in which each sample (i=1, 2, 3, and 4) has the
following conductivities ¢ at low and high frequencies: o1-ow=1.2 SIM, 6210w=0.8 S/m, o3.
1ow=0.4 S/m, and o4.10w=1e€-4 S/m at 10 kHz t0 01-high=1.6 S/M, 62-high=1.2 S/M, 631igh=0.8 S/m,
and o4-.high=0.4 S/m at 100 kHz. This relationship reflects that a higher number of live cells
lead to a decrease in o (increase in resistivity p) since cell membranes act as resistive material
at these frequencies. Then, in the second case, o at low and high frequencies of three samples
(red in Figure 4.3(d)) were set at o1-low, 02-low, 0a-low=1.2 S/m at 10 kKHz and o1-high, 62-high, 0a-
high=1.6 S/m at 100 kHz. Meanwhile, ¢ for the fourth sample (blue in Figure 4.3(d)) was set
t0 o3-0w=1€* S/m at 10 kHz to ¢3.nigh=0.4 S/m at 100 kHz. The relative permittivity & was

identically specified as 80 as it causes only trivial perturbations in the measurement at this
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Figure 4.3. Simulation of two conductivity cases; (a) all the cells have various conductivities o,
which decrease anti-clockwise direction, and (d) only one group of cells has different
conductivity ¢. (b), (e) The normalized resistivity changes Ap* reconstructed at 10 kHz and 100
kHz in each case. (¢), (f) The quantitative results are expressed as mean = s.d. for a representative
of Ap* at each ROI.
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frequency range. Considering the reciprocity theory in the adjacent drive pattern, the degrees
of freedom of the measurement is M=16%(16-3)/2=104 (the dimension of the impedance
differences AZ).

4.3.2.Investigation of fdEIT

The normalized resistivity changes Ap*=1/Ac* of the first case are given in Figure 4.3(b),
showing that their cell concentration can be elucidated and reconstructed in the correct order,
i.e., the resistance dropped off anti-clockwise. The mean values and standard deviations of
Ap* at each ROI are also given in Figure 4.3(c), showing a nonlinear decreased trend. In
terms of morphology, a close representation of the original distribution (cell filling the
scaffold with a distinct pattern) was not retrieved due to the inherent low spatial resolution of
EIT. Nevertheless, our simulation results demonstrate that the miniature EIT sensor can
simultaneously measure multiple (n=4) samples of various Ap* associated with the presence
of cells at various concentrations.

In this study, we chose fdEIT to enable real-time monitoring and the elimination of the
scaffold effect. It is worth noting that samples were successfully imaged with various
magnitudes of conductivity o, even though there is an identical step of ¢ in frequency
(increments of 0.4 S/m from 10 kHz to 100 kHz), which seemingly unable fdEIT to present
the contrast. This phenomenon is further explained in the discussion section.

Figure 4.3(e) shows Ap* of the second case. A clear difference between the higher and
lower resistance groups can be seen in Ap*. The mean values and standard deviations of Ap*
at each ROI are represented in Figure 4.3(f). No significant differences between samples 1,
2, and 4 were set to the same ¢ in the simulation. These small discrepancies in Ap* can be
explained by current and potential distribution affected by the presence of multiple samples
in the sensors. The element’s value of Ap* associated with sample 3 was significantly lower
than in other groups. Taken together, these results showed that we can measure multiple
repeats in the EIT sensor and that Ap* associated with cell number is not significantly affected

by the presence of other samples.

4.3.3. Experiment

We prepared four types of samples with various cell densities inside the scaffolds, i.e.,
0.5, 1.0, 1.5, and 2.0 x10° /mL. The scaffolds were seeded with cells embedded in
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collagen gels, as previously described. Before conducting the EIT experiment,
fluorescence microscopy merge images were taken using an EVOS FL digital inverted
microscope equipped with a 4X Plan LWD PH lens (0.13NA). Cells were stained with
DAPI and Hoechst 33342 (Thermo Fisher Scientific). DAPI and Hoechst 33342 primarily
stain the nucleus of formaldehyde fixed and live cells, respectively, their excitation
wavelengths are in the UV range (~365nm), and they emit visible blue light. Both stains
provide a robust high-contrast signal with which to locate cells grown (mainly stained in
blue) in non-standard conformations, i.e., the scaffolds (mainly stained in red). We
observed in Figure 4 that cells were largely confined within the scaffolds. The cells were
located not only inside the gel space but also attached to the posts of the scaffold, as

shown in Figure 4.4(a). The total area that cells occupied in the image (0.21*0.16 cm?)

(a) control
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Figure 4.4. Microscope images with various cell densities. Fluorescence microscopy merge images
were taken using Inverted Fluorescent Microscope (Thermo Scientific) equipped with 4X Plan
LWD PH lens (0.13NA). Cells were stained with DAPI and Hoechst 33342 (Thermo Fisher
Scientific), which provide a robust high-contrast signal with which to locate cells grown (mainly
stained in blue) in non-standard conformations, i.e., the scaffolds (mainly stained in red). (b) Total
area and total counts of cells were calculated using the Renyi entropy threshold.[29]
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and the total counts of cells were calculated using the Renyi entropy threshold [29]. The
results were consistent with the cell seeding concentration in Figure 4.4(b), and the cells
were alive for 48h within our scaffold.

Next, five cases are explored, as shown in Figure 4.5. The scaffolds with cells were
carefully placed in the miniature EIT sensor, as shown in Figure 4.5(a). Similarly to the
simulation settings, the impedance magnitude zy for the reference and the object at 10
kHz and 100 kHz were acquired for fd-EIT image reconstruction, respectively, for the
recovery of the normalized resistivity changes Ap*. It is clearly seen that resistance
decreased anti-clockwise, corresponding to the decrease in cell density, as shown in
Figure 4.5(b). In spite of morphological disparity with ground truth, Ap* in Figure 4.5(b)
are similar to those of the ground truth. The mean values and standard deviations of Ap*
at each ROI are represented in Figure 4.5(d), enabling us to differentiate all the cell
groups. As a result, fdEIT was highly robust in distinguishing the cell density variations
in the 3D scaffolds and reconstructed the Ap as an indicator of cell viability
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Figure 4.5. The normalized resistivity changes Ap* reconstructed at 10 kHz and 100 kHz in each
case. (a) Sensor image with scaffolds. (b) Ground truth. (c) The reconstructed results of Ap*. (d)
The quantitative results are expressed as mean + s.d. for a representative of Ap* at each ROL
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4.4.Discussion

In this chapter, 3D printed scaffolds compatible with EIT were designed and characterized in
order to demonstrate in silico and in vitro their potential for performing parallel
measurements of 3D cell culture concentration and growth in a single sensor. The ability to
perform measurement repeats and controls in the same sensor will pave the way towards the
use of EIT in tissue engineering and drug screening applications.

Our strategy was to optimize the scaffold design so cells could be cultured in suspension
by adhering to scaffold trends and forming 3D tissues or within gels. In a similar concept to
cell culture multiwell plates, our design enabled to image multiple samples, thus allowing
experimental repeats and control in the same EIT sensor. The challenge was to minimize the
impact of the scaffold on the cell conductivity measurement by allowing the current to flow
while still holding the cell’s solution. In addition, we chose a material that was biocompatible,
compatible with 3D printing, and with dielectric properties constant over the frequency range
of interest (the S-dispersion).

In previous studies, we demonstrated that EIT could be applied to tissue engineering

applications and their typical scale (~mm) by reducing the size of the EIT sensors and
adapting the regularisation techniques [15], [21], [30]. In particular, we previously showed in
silico and in vitro its potential for drug screening by measuring the cell viability of cell
spheroid and its transient change when exposed to the toxic compound [17]. In addition, we
demonstrated the superiority of frequency-difference EIT (fd-EIT) over time-difference EIT
(td-EIT) to measure samples over an extended period [16]; and an equivalent circuit analysis
was developed to compensate for the leakage current through coupling capacitances to the
ground [31].
Here, we demonstrate that we can use 3D scaffolds permissive to EIT that can support 3D
cell culture to image and measure the cell viability of multiple samples; hence, performing in
a similar way to the transparent plastic culture well for optical imaging. Our 3D printed
scaffold design and the resin dielectric properties should allow researchers in the future to
design more complex structures in which multiple 3D cell cultures, such as spheroids or
organoids, could be held and measured label-free and noninvasively throughout growth and
differentiation in a single EIT sensor.

Based on Equation 4.1, if fd-EIT can be only sensible to frequency difference, it seems

impossible to differentiate multiple objects when the steps of conductivity increase between
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low and high frequency are the same. As briefly described in the previous work [32], fd-EIT
retrieve two characteristics; 1) the frequency dependence of objects and 2) the conductivity
value itself. The latter principle suggests that fdEIT presents a contrasting image even if
conductivities do not change with frequency, which can be explained further by analyzing the
simulation described in Figure 4.3. We explored how the presence of multiple resistances
affects the current density j and electric potential ¢ by configuring the well-known formula
o=jlp. Here, Ao is influenced by Aj and Ag as a function of frequency dependency in fd-EIT.
We quantitatively analyzed the contrasts in j and ¢, Aj and Ag, of Figure 4.3, which is shown
in Figure 4.6, with four stimulation patterns (1, 5, 9, and 13) at four independent positions
(X1, X2, X3, and x4). We show the equipotential lines of only the first case in Figure 4.6(a),
where fine gradient lines can be observed around stimulus electrodes that become coarser
with the distance from stimulus electrodes. Again, the steps of conductivity increase over
frequencies are identical; thus, one may think the contrast cannot be observed. However, the
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Figure 4.6. (a) Equipotential lines of the first simulation case with four stimulation patterns (1, 5, 9,
and 13). Simulation results of current density contrast Aj and electric potential contrast Ap with four
stimulation patterns at four independent positions, xi, X2, X3, X4 Of the first case (b) and the second
case (c) as described in Figure 4.3(a) and (d), respectively.
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fluctuations can be seen for both Aj and Ag in Figure 4.6(b) and (c). In both settings, A has
a more significant weight than that of Aj based on their magnitude considering the
normalization characteristic, Aj influencing Ap* more significantly. On the other hand, the
slight difference of Ap*, in which corresponding steps were set as identical in simulation
setups, in Figure 4.3(c), matches the relation of Aj. These irregularities of Aj enable fd-EIT
to elucidate multiple objects even in the case where the steps of conductivity increments are
identical among the objects. Furthermore, their relationships with frequency dependence and

absolute conductivity value can be explained through multiple samples.

4.5.Summary

There is a growing need for real-time, non-invasive quantitative techniques capable of
effectively monitoring the growth and behavior of 3D cell culture. In this paper, we
demonstrated the feasibility of fdEIT for differentiating 3D cell samples (n>2). To this
end, we have carefully designed a biocompatible scaffold that confines cell samples in
space to allow parallel measurement of multiple samples in a single EIT sensor. Our
design minimizes current pathway alteration with electrical properties similar to the
culture medium, especially regarding frequency dependency. We fabricated the scaffold
by 3D printing, ensuring it could hold liquid with surface tension area and keep the cells
alive for 48h.

We retrieved the cell concentration of up to four scaffolds non-destructively in real
time. Furthermore, quantitative analysis in the field of current density and potential
distribution was conducted to explain the feasibility of cell differentiation using fdEIT.
This study paves the way towards EIT imaging and measurements that could help to
evaluate quantitatively and noninvasively tissue engineering samples, such as engineered

tissues, spheroids, and organoids, in the production line.
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5. Multifrequency Electrical Impedance Tomography with
Ratiometric Preprocessing for Imaging Human Body

Compartments

5.1. Research Motivation

Electrical impedance tomography (EIT) was developed as a point-of-care imaging of the
conductivity distribution in human body compartments by current injection and voltage
measurement on the body surface [1]. EIT focuses on a larger field view of the structure and
provides real-time and long-term imaging but has less accuracy than other point-of-care
imaging modalities such as ultrasound [2]. In the point-of-care imaging of body
compartments, a structural image of the calf is required for evaluating the health conditions
in clinical practice. The point-of-care imaging of calf compartments is essential for evaluating
a) the thickness and inhomogeneity of subcutaneous adipose tissue (SAT) related to edema
[3] and b) the bone strength related to osteoporosis [4].

In EIT, the raw impedance zn is often preprocessed to distinguish the source of zy which
comes from an anomaly, background, or external noise. Generally, EIT is categorized into
root transformation (RT) [5], data decomposition (DD) [6], time-difference (TD), and
frequency-difference (FD) methods by preprocessing viewpoints. RT method modifies the
amplitude range of zn by rooting; however, RT method is impractical for calf compartments
imaging due to the mutable dependency on the optimal root index, which must be known
prior to the image reconstruction. DD method decomposes zn by means of the positive and
negative regions of its sensitivity matrix S; nonetheless, DD method does not improve highly
the image quality as compared with the non-preprocessing method because of the simply
normalized S. TD method normalizes the perturbation between z, and the reference
impedance z"® over time to extract anomalies from the background and the external noise.
According to a review paper [7], TD, RT and DD methods are not practical without any a
priori information.

The advantages and drawbacks of classical frequency-dependence EITs are summarized
in Table 5.1.

Among the preprocessing, frequency-difference EIT (fd-EIT) is reliable [8] because fd-
EIT does not require any a priori information on z" from individual persons after

physiological events. Various frequency spectra in biological tissues are the source of fd-EIT
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TABLE 5.1
ADVANTAGES AND DRAWBACKS AMONG CLASSICAL FREQUENCY DEPENDENCE EITS.

Classical EIT Description Advantage Drawback
Normalized perturbation . .
frequency- between Z at one . High conductivity
. High contrast W, Low
difference EIT frequency and a distinguishabilit robustness to frequency-
(fd-EIT) [9] reference frequencies is g y g 4
dependency
reconstructed.
Normalized perturbation . Low distinguishability,
frequency- . Low p, High
difference between Z at adj_acent robustness to Low
. frequencies is robustness to
adjacent EIT q frequency- h
(fda-EIT) [10] reconstructed. dependency eterogeneous
background

weighted fd-EIT
(wfd-EIT) [11]

Frequency-dependence
of homogeneous
background conductivity
is corrected.

High robustness to
frequency-
dependency, High
distinguishability

High p, The constraint
of having to be
homogeneous
background

multiple wfd-EIT
(mwfd-EIT) [12]

Frequency-dependence
of heterogeneous
background conductivity
is corrected.

High robustness to
frequency-
dependence

heterogeneous
background

Low distinguishability

mf-EIT using
spectral
constraints [13]

The volume fraction
distribution of the
known component

tissues is reconstructed
in a nonlinear manner.

Frequency
independency of the
reconstructed
parameters

Impractical a priori
about volume fraction
on each compartment

[9], where the individual conductivities ot on each tissue are nonlinearly related to zm
concerning the f-th frequency. Despite the above-mentioned advantages, fd-EIT suffers from
image deterioration in the case of high conductivity contrast pu between anomaly ¢% and
background "%, where W is defined as p = (6% — ¢™%) / "%. For instance, assuming the human
body is composed of SAT and bone as % and muscle as ¢%, [ is approximately 95% based
on their conductivity values [10]. Even though fd-EIT is usually able to reconstruct a
structural image under the only low p < £20% condition which does not cover the human
body high y, the image quality in the case of high p over £20% is deteriorated because of the
linear approximation of the inverse problem in the nonlinear forward model [11], [12]. On
the other hand, frequency-difference adjacent EIT (fda-EIT) is alternatively used in order to
decrease [, in which the perturbation between zn at the f-th and the adjacent (f+1)-th
frequencies is normalized [13]. In that way, the inverse problem is likely to be solved in p <
+20%. Unfortunately, the decreased p usually leads to low distinguishability, which means

that Hadamard’s third condition, called “instability”, is violated to worsen the ill-posed nature
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of the inverse problem [1]. Therefore, fda-EIT may produce a blurred image due to the low
distinguishability as well as the artifact from the frequency dependency on the heterogeneous
background. A weighted fd-EIT (wfd-EIT) only compensates for the frequency-dependency
on the homogeneous background and suffers from the heterogeneous background [14] as well
as high p. A multiple wfd-EIT (mwfd-EIT) compensates for high p in the heterogeneous
background by subtracting multiple baselines concerning several frequencies; however, the
image quality of mwfd-EIT becomes insufficient due to the inherent low distinguishability in
multifrequency EIT (mf-EIT) [15]. Unfortunately, an alternative mf-EIT using spectral
constraints [16] highly relies on impractical a priori information about volume fraction on
each compartment. Overall, the assumption of classical EIT is invalid; namely, either they
cannot achieve the condition p < £20% while maintaining high distinguishability or suffer
from the heterogeneous background without any a priori information.

In order to make the breakthrough of drawbacks among classical frequency-dependence
EITs, we propose mf-EIT with a ratiometric preprocessing (ratiometric EIT) for boosting
robustness under high p condition. The framework of “ratiometric”” methods uses the ratio of
two measurement signals and is commonly used in optical and electrical sensing to interpret
better the phenomenon of anomaly [17], [18]. Recently, ratiometric impedance was reported
to reduce the variation of measurement noise and amplify the differences between subjects in
biometrics [19]. Since the distinguishability in EIT is characterized by 4 parameters: noise,
conductivity, size of anomaly, and frequency-dependency [20], the above-mentioned
advantages for the ratiometric method motivate us to apply it in EIT as a preprocessing.
However, the ratiometric impedance is not able to be directly applied in EIT without
modifying S; thus, ratiometric impedance is averaged to make it applicable to EIT.
Consequently, under high p condition, the individual conductivities with widely varying
scales that determine impedance are considered to be balanced, resulting in a minimized p.
Given the above ideas, ratiometric EIT is developed in order to minimize p and increase the
distinguishability because inherently u is high in the human body and the distinguishability
is low in EIT. This study aims to achieve four objectives which are 1) to propose ratiometric
EIT which minimizes conductivity contrast i while maintaining high distinguishability in the
heterogeneous background without any a priori information, 2) to evaluate the robustness of
the proposed method under the variant conditions of u, 3) to evaluate the reconstruction

performance in the experiment with eight subjects’ calves by comparing with ultrasound
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images of SAT and bone tibia, and 4) to discuss the distinguishability of ratiometric EIT. The

key abbreviations and symbols used in this study are listed in Table 5.2.

TABLE 5.2
KEY ABBREVIATIONS AND SYMBOLS
u Conductivity contrast
z | Impedance
o | Conductivity
m | Measurement number (1<&<M)
n | Spatial resolution (1<n<N)
¢ | Selected measurement number as a denominator (1<E<M)
f | Frequency number (1</KF)
t | Time number
er: | Spectral-temporal error
S | Sensitivity matrix
opt | Symbol of optimal value
* | Symbol of ratiometric value
<> | Symbol of average value

5.2. Method

5.2.1.Frequency-difference adjacent EIT (fda-EIT)

In classical frequency-difference EIT (fd-EIT), the normalized perturbation between raw
impedances Z at one frequency and a reference frequency is used to reconstruct conductivity
image o. fd-EIT image may be deteriorated in the case of high conductivity contrast (u >
120%) due to the decreased accuracy of the linear approximation of the inverse problem in
the nonlinear forward model [11], [12]. This linear assumption yields an acceptable fd-EIT
image only in the cases where u is less than 20% or where perturbations greater than this exist
in a homogeneous background. To address this issue, frequency-difference adjacent EIT (fda-
EIT) is alternatively used [13], in which the normalized perturbation between raw impedance
Z at the f~th and the adjacent (f+1)-th frequencies is used to reconstruct the classical

conductivity image seR"
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Z,.-Z
G=A(L]ERN (5.1)
Zf

where N is the spatial resolution (1<n<N) and A is the inverse operator to reconstruct ¢. Here
the division is performed element-wise. The countermeasure against high ¢ condition in fda-
EIT may not be sufficient yet, and furthermore, the distinguishability usually deteriorates as
1 becomes lower. fda-EIT is used as a classical method against the proposed method

described in the next section.

5.2.2.Ratiometric preprocessing and newly derived ratiometric EIT

The framework of “ratiometric” methods uses the ratio of two measurement signals and
is widely applied in fluorescence methods [17], [18], and more recently in biometrics [19]
because of its advantage of representing the phenomenon of anomaly better. Ratiometric
impedance reduces measurement variability due to noise and amplifies inter-subject
differences due to individual conductivity and anomaly size [19]. Thus, the framework is also
beneficial to EIT as a preprocessing based on impedance measurement because
distinguishability, characterized by noise, conductivity, anomaly size, and frequency-
dependency [20], is considered to improve. However, it is not straightforwardly applied to
the sensitivity-based EIT because the ideal image reconstruction is based on the impedance
difference from the homogeneous condition. In other words, the sensitivity matrix S needs to
be modified considering ratiometric impedance that varies greatly with each denominator.
Hence, ratiometric impedance is averaged to enable its use. Taking the average of ratiometric
impedance also has the advantage to high p condition; the widely different scales of
individual conductivities that determine impedance are considered to be balanced, which
results in a minimized . This phenomenon is investigated in the numerical simulation and
experiments.

Figure 5.1 shows the structure of newly derived ratiometric EIT which is composed of
four steps to reconstruct the conductivity image. In Step 1, the ratiometric impedances [19]
*7 eRM*PMiis generated from raw impedances ZeRM*F, which is written by

Z=[Z,nZrnZ 1€ RMF
Z,=[z,..12 Zy ] e RY (5:2)

W2
*Z=[*Z,,*Z 2y ] € RN

*Z. =02y *Z o0 2 ] RMF (5.3)
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where m (1<m<M) is the m-th measurement number, f (1<f<F) is the f-th frequency number,
¢ (1<EM) is the selected measurement number as a denominator, * is the symbol of

ratiometric value, and T is the transpose matrix.
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Figure 5.1. Structure of newly derived ratiometric EIT which is composed of four steps to
reconstruct conductivity image c.
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In Step 2, the average ratiometric impedances <*Z><RM*F is generated from *Z, which
is written by

(5.4)

.
_ iZLf ..... 1 J meo 1 a ZM,f GRM
MZFz., MTFz, M Tz

In Step 3, the optimal frequency number f°* and the optimal time number t°* for the image
reconstruction is selected based on the spectral-temporal error er; at the f-th frequency and
the t-th time as follows

1y * . 2
€= VZ(A Zm,f,t_Azm,f.I) (55)
where A*Zmfi=<*Zm>t1—<*Zm>r: IS the perturbation of the m-th average ratiometric

impedance <*zm>1: at the f-th frequency and the t-th time, Az, , = Sm*et: is the corresponding

perturbation based on the forward problem, SmeRN is the m-th column vector of sensitivity
matrix SeR™N and *o1cRN is the ratiometric conductivity image. The ' and t° is then
selected as the one that minimizes et as shown in Figure 5.2, which varies depending on the
subject.

In Step 4, <*Z> is processed in a derived ratiometric EIT, which is ratiometric frequency-

difference adjacent EIT (rfda-EIT), in order to reconstruct the ratiometric conductivity image

*gecRN

*o =[*0'l,...,*0'n,...,*UN ]T

- A(<*Z>f°p‘ A <*Z>f0p| o ) € RN (56)

The proposed method minimizes p between anomaly and background while maintaining

high distinguishability without any a priori information. After Step 1, *Z has more valid
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Figure 5.2. Spectral-temporal error e for selection of optimal frequency number f* and
optimal time number ' in the case where total time number is 5.
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information unique to the individual physiological traits by reducing the skin-related
parameters (e.g., skin temperature, inherent physiology) compared to Z [19]. Despite the
advantage, p is still variant due to the nonlinearity and probably high on particular *Z
depending on each selected measurement number & as a denominator. Therefore, in Step 2,
the spatial variances of 1 are mitigated by averaging with respect to M, which generates <*Z>.
It is experimentally found that the error due to the contact impedance variances is mitigated
as a secondary effect in Step 2. In Step 3, the optimal frequency number f°°* and the optimal
time number t°" for the image reconstruction is selected based on the accuracy of the linear
approximation of the inverse problem in the nonlinear forward model. In Step 4, the
perturbation at the t°'-th time between <*Z> at the (f°*'+1)-th and f"-th frequencies is

reconstructed in rfda-EIT.

5.2.3.Image reconstruction
The inverse operator A in the case of rfda-EIT is written by
56 = A((2) 1, ~(*2) )
(02~ (2) )57 20170 |

where S=[S1,...,Sm,...,SM]"eRM*N is the sensitivity matrix under the homogeneous condition

(5.7)

= larg min[
2 *o

[21], Sm=[S1,...,5n,...,SN]eRN is a column vector of S, 1 is the hyperparameter, and L e RN*N
is the regularization matrix. Equation (5.7) is solved by the one-step Gauss-Newton algorithm
because it is the most often used solver for the biomedical EIT due to its robustness to noise
and low computational cost [22]. It is computed with the Tikhonov regularization [23]

o' =¢" +[8'S+ A diag(L'L)]'S[((*2), - (*Z) ) - Se'"] (5.8)

where ¢" is the conductivity image at the it-th iteration step and diag(-) is the diagonal matrix.

5.3.Numerical simulation

5.3.1. Definition of conductivity contrast u

Figure 5.3 shows an example of human calf compartments and corresponding
conductivity values which have a diversified spectrum over frequency. The calf
compartments comprise seven compartments, as shown in Figure 5.3(a); SAT (%), muscle
(Q™), bone cortical (Q°), bone marrow (Q”™"). Each compartment has a various relationship
with frequency, as shown in Figure 5.3(b) (adapted from [10]), which provides structural

information about changes in physiological conditions via frequency-difference EIT (fd-EIT)
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Figure 5.3. (a) Typical compartments of human right calf on axial-plane. (b) Conductivity values
under variant conditions of conductivity contrasts u (= 95%-10%) at a frequency range between
500Hz-20kHz. TRaw values in (b) are adapted from [10].

[9]. The conductivity value oy on each compartment () parameterizes the raw impedance z,, s
variously depending on Q by the nonlinear transformation gs—z, s on the boundary 0Q. In
this study, orin Q%7 Q’, and Q" are considered as anomalies o/~ ¥*(Q7, Qb Q"™); in
contrast, gy in Q™ is regarded as a background o”¢= ¥%%,(QQ™). Here y*r and x"%; denote the
characteristic function to specify gy in the FEM mesh of the anomalies and background,
respectively, in order to define the conductivity contrast u

b
o —c”

based on their relationship: ¢A7,6°,6"™ << ¢™. W is approximately 95% in the case of raw
values. Skin conductivity o*is assumed to be disregarded in the simplified equivalent circuit
model since skin-related parameters (e.g., skin temperature, inherent physiology) can be

minimized by ratiometric preprocessing [19].

5.3.2. Numerical simulation condition

The sensitivity matrix S in Equation (5.8) is computed under the homogeneous condition
[21], i.e., 6"°=1.0[Sm!]. The hyperparameter 1 and iteration number N" are set to A=0.01 and
N=5 for both methods, respectively. Only o at the optimal time number t°*'=1 is considered

in the numerical simulation under a noise-free environment. The o is clustered based on the
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fuzzy k-means algorithm [24] in order to evaluate each reconstruction performance by four
metrics which are 1) the area ratio error ARESAT of SAT, 2) the position error PE™2 of bone

tibia, 3) the position error PEM of bone fibula, and 4) the correlation coefficient CC

AR _ ARSHT
AREST =| = e | 100 [%] (5.10)
titia _tibia
tibia _ |1 Firue
PE™ = |—v= | %100 [%] (5.11)
true
. p fbua _ . fioula
PEﬂbuIa — ﬁbu|;ue x100 [%] (5 12)
true

N - e _true:

D G
\/Z :‘:1 (Un _E)Z (Git]rue _ Gtrue)z
where ARSAT = ASAT/A ASAT s the area of SAT, Ao is the total area of images, r'®@ and r™12

is the distance between the origin O and the center of gravity of bone tibia and bone fibula,

CcC

(5.13)

respectively, n is spatial resolution (1<n<N), an is the reconstructed conductivity, and o is
the spatial mean conductivity, respectively. The subscripts and superscripts true indicate the
true value of each metric. In ideal conditions where the ratio between ¢ and the true
conductivity image ¢ is equal to phantom conditions, the value of ARESAT, PEtR AREfibula
are 0% and CC is 1.

The raw impedances Z is calculated with a current lo = 1mA by MATLAB R2020a
(Mathworks, Natick, MA) and EIDORS [25]. Fig. 4 shows the FEM mesh of the calf phantom
under the homogeneous condition generated by NETGEN [26]. The data acquisition system
of the quasi-adjacent pattern [27] is composed of four ports: Hc (high-current), He (high-
potential), Lc (low-current), and Lp (low-potential), in which Hc-Hp and Lc-Lp pairs are
adjacents, respectively. For instance, in the case of a particular measurement number (m =
107), Hc, Hp, Lc, and Lp correspond to electrodes e1s, €12, es, and eg, respectively, as shown
in Figure 5.4.

>
16 ,
s
1 1 C
()_H‘ aol
es\ : Je
Xy S g
€6 il /L:“,

€7 eg @
S L
Measurement number: m=107
Figure 5.4. FEM mesh of calf phantom under homogeneous condition in quasi-adjacent pattern with
illustrative stimulus current flow (red line) and measurement current flow if measurement electrodes
are used as stimulus (blue line) in the case of a particular measurement number (m=107).
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The human calf compartments in Figure 5.3(a) are discretized in order to configure the
calf phantom, in which the muscle conductivity ¢™ is changed in order to simulate the variant
conditions of conductivity contrasts 1 (= 95%-10%). This variant condition covers p=95%,
which is typical for the human body [10], and p=20%, which is reported to guarantee the
accuracy of linear approximation in the inverse problem [11], [12]. Figure 5.3(b) shows the
conductivity values used in the numerical simulation at a frequency range between 500Hz-

20kHz [10], which is the same as the experimental condition.
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Figure 5.5. Conductivity image ¢ of numerical simulation by classical EIT (fda-EIT) and
ratiometric EIT (rfda-EIT) under the variant conditions of conductivity contrasts u (= 95%-
10%) (a). Area ratio error ARE'T of SAT, position error PE™“ of bone tibia, PE™" of bone
fibula, and correlation coefficient CC of each algorithm (b).
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5.3.3.Results of numerical simulation

Figure 5.5(a) shows the conductivity image o reconstructed at the optimal frequency
number ' by classical EIT (fda-EIT) and ratiometric EIT (rfda-EIT) under the variant
conditions of p. Figure 5.5(b) shows ARESAT, PE!Pia pEfitula ‘and CC of each algorithm. fda-
EIT fails to detect bone tibia position correctly and overestimates SAT thickness. Even
though CC increases with the increased p in fda-EIT, CC is lower than that in rfda-EIT as a
whole. On the other hand, in rfda-EIT, even though the compartments are better distinguished
as U decreases, *o successfully showed SAT, muscle, and bone tibia in all the cases. The bone
fibula is correctly detected in rfda-EIT, which cannot be detected by fda-EIT at all. The high
value of CC and low value of ARESAT, PE™2 and PEM™2 in Figure 5.5(b) confirms that rfda-

EIT has a high reconstruction performance capability under the variant conditions of .

5.4.Experiments

5.4.1.Experimental setup, method, and conditions

Figure 5.6(a) shows the EIT experimental setup composed of four units: a) a wearable
sensor [28], b) an impedance analyzer (IM3570, HIOKI, Japan), ¢) a digital multiplexer [29]
(made by Takei lab based on Arduino Due), and d) a PC including image reconstruction
algorithm software.

The a) wearable sensor consists of sixteen silver yarn rectangular electrodes (5 x 10 mm)
[30]. The number of electrodes was empirically chosen based on the signal-noise ratio (SNR),
which depends on the trade-off between the size and number of electrodes [31]. These
electrodes are shielded by thermoplastic polyurethane as a countermeasure for the high

contact impedance [32] and are attached to flexible polyester clothe. The b) impedance

Ultrasound

Wearable Right calf
system

sensor

llﬁpancc analyzer  Right calf

(@) (b)

Figure 5.6. Experimental setup of EIT measurement (a) and ultrasound measurement (b).
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analyzer was connected to a digital multiplexer by four ports: Hc, Hp, Lc, and Lp. The ¢)
digital multiplexer was connected to the wearable sensor by coaxial cables. The raw
impedances Z from the impedance analyzer was sent to the PC by a USB cable. The d) PC
computes both the forward and inverse problems by NETGEN and EIDORS supported by
MATLAB R2020a.

The raw impedances Z is measured by the impedance analyzer with a current lo= 1mA
and a frequency range between 500Hz-20kHz, which is selected to achieve the best SNR in
our EIT system [33]. A derived ratiometric EIT, which is rfda-EIT, is compared to a classical
EIT, which is fda-EIT. In order to achieve better image interpretation, the conductivity image
o is clustered based on fuzzy k-means algorithm [24] and each cluster is filtered by the
Gaussian method. The Z was continuously measured for 30 minutes in order to attain the
reliability of the experiment.

Eight healthy subjects (age: 27.5 + 4.3 years, body mass index: 23.2 + 4.2 kg/m?) were
volunteered in this study in accordance with the ethical guidelines of the Bioethics Committee
in Faculty of Engineering, Chiba University, Japan, and all voluntary subjects gave informed
consent. All of the subjects were sitting while their thighs and calves formed a 90-degree
angle. This sitting position was arranged to avoid the change of water volume in the human

calf due to edema caused by the gravity effect during the measurement [30].

5.4.2.Evaluation of reconstructed images

In order to investigate for the best reconstruction performance of subjects’ calves
compartments, correct images are obtained by an ultrasound examination [34] with a high-
frequency matrix probe (LOGIQ e Premium, GE Healthcare, Japan) on the axial plane as
shown in Figure 6(b). Using the slight trace made by the electrodes after the EIT
measurement as a landmark, ultrasound scans were acquired with special attention at each
landmark while the probe was rotated horizontally 360° along the circumference of the
subject’s calf. The acquired scans were transformed into one image by manually connecting
anatomical landmarks (e.g., veins, crossing of aponeuroses) in each pair of adjacent scans,
which is considered a correct image. Reconstructed image analyses are based on area ratio
error ARESAT of SAT and true positive rate TPR"™? for the bone tibia detection. The ARESAT

is calculated using Equation (10). The TPR'™? js calculated as follows [35]

TPRba =TPtibia/(TPtibia + FNtibia)xloo [%] (5.14)
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where TP and FN'" represent the true positives and false negatives, which are determined
by heuristic observation compared to the correct images obtained by the ultrasound
examination. Namely, if the bone tibia of each subject detected in *¢ matches each ultrasound
image, it is counted as a true positive. The heuristic observation is conducted by the same
person to avoid inter-observer variability.

5.4.3. Experimental results of ratiometric spectra

Figure 5.7 shows five representative time-variable spectra of the raw impedances Z and the
average ratiometric impedances <*Z> in eight subjects at the measurement time t=1(=0s),
t=2(=360s), t=3(=720s), t=4(=1,080s), t=5(=1,440s) in the case of particular measurement
number (m=107) shown in Figure 5.3. In Figure 5.7, the difference in the time-variable
spectra depending on t, which can be attributed to the slight movement of the electrodes,
occurs in both Z and <*Z>; however, the difference in <*Z> is visually more emphasized by
the normalization. More importantly, the time-variable spectra of Z are monotonously
decreased over frequency and do not show any difference in tendency between subjects. In

contrast, the time-variable spectra of <*Z> are irregularly changed over frequency and show
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Figure 5.7. Time-variable spectra of raw impedances Z (-o-) and average ratiometric
impedances <*Z> (-A-) of eight subjects at the measurement time t=1(=0s), t=2(=360s),
t=3(=720s), t=4(=1,080s), t=5(=1,440s) in the case of measurement number (m=107).
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diverse trends between subjects. This diversity in the time-variable spectra of <*Z> makes

the differences between subjects with various compartments more prominent than Z.

5.4.4.Experimental results of image reconstruction

Figure 5.8 shows the conductivity image o reconstructed at the optimal frequency number

/" and the optimal time number % by classical EIT (fda-EIT) and ratiometric EIT (rfda-

EIT) in eight subjects’ calves. The 2™ row shows the examples of scanned ultrasound images

of subjects’ calves used as correct images and the 3™ and 4™ rows represent comparisons of

o among the subjects. Dashed lines are manually drawn, indicating the outer line of the bone

tibia (red) and the expected bone fibula (black), respectively. Only structurally imaged

compartments are marked with dashed lines, and those for the bone tibia are counted as

positive. Overall, rfda-EIT images the bone tibias and SAT thickness more accurately than

fda-EIT. 1t is worth noting that rfda-EIT images the perturbations due to bone fibula’s

presence in most subjects, which cannot be detected by the ultrasound. Figure 5.9 shows the

area ratio error AREST of SAT. The AREST is smaller by rfda-EIT in all the subjects as
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US image 0 O
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By e

Conductivity image o [-]

Figure 5.8. Conductivity image o of eight subjects by classical EIT (fda-EIT) and ratiometric EIT (rfda-EIT).
Dashed lines indicate the outer line of the bone tibia (red) and the expected bone fibula (black), respectively.

Figure 5.9. Area ratio error ARES' in conductivity image o of eight subjects by classical EIT (fda-

Area ratio error ARE®AT [%)]

EIT) and ratiometric EIT (rfda-EIT).
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TABLE 5.3
TRUE POSITIVE RATE TPR"™"“ FOR BONE TIBIA DETECTION IN CONDUCTIVITY IMAGE 6 OF EIGHT
SUBJECTS BY CLASSICAL EIT (fda-EIT) AND RATIOMETRIC EIT.

Method True positive rate TPR"™™*
fda-EIT 50.0%
rfda-EIT 87.5%

compared to fda-EIT. The total-mean ARES'T, <ARE*™> is 5.18% and 12.70% by rfda-EIT
and fda-EIT, respectively, which indicates rfda-EIT images SAT better than fda-EIT. Table
5.3 shows TPR""“ of the two methods determined by heuristic observation compared to the
correct images from the ultrasound examination. The TPR™“ is 87.5% and 50.0% by rfda-
EIT and fda-EIT, respectively, which indicates rfda-EIT is more plausible than fda-EIT for
the bone tibia detection. In summary, the ¢ by rfda-EIT are in good agreement with the

ultrasound images with the aid of the minimized u and improved distinguishability in <*Z>.

5.5.Discussions

5.5.1. Distinguishability in ratiometric preprocessing

As shown in Figure 5.5 and 5.8, ratiometric preprocessing increases the reconstruction
performance by decreasing the conductivity contrast p, which seems to decrease the
distinguishability; therefore, the influence of the ratiometric preprocessing on the
distinguishability is investigated by the finite precision measurements.

5.5.1.1.  Assumptions and Conditions

Three cases are considered to discuss the distinguishability in calf compartments by the
three geometric arrangements of background conductivity ¢°% and anomaly conductivity o%
as shown in Figure 5.10, which are

1) background conductivity image % filled only by ¢®% = ™" under the radius R™¢"*=1,

2) bone anomaly conductivity image Yo filled by % = ¢ under the radius R™" and ¢
= ¢ under the radius R™s"=1,

3) fat anomaly conductivity image %o filled by ¢®% = 6™ under the radius R™® and
0% = o™ under the radius R™=1.

The analysis of impedance difference in td-EIT is assumed to be applicable to fd-EIT

given the analogy between the two methods [36]. Here ratiometric EIT (rfda-EIT) and
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Figure 5.10. Three geometric arrangements of background conductivity ¢, and anomaly
conductivity ¢*: (a) Background conductivity image %c, (b) Bone anomaly conductivity image 'y
and (c) fat anomaly conductivity image %oy

classical EIT (fda-EIT) are considered. The conductivity o(r,f) for %, lor, and 2c: are
represented by ratiometric EIT as follows
%o (r, f)=1,forr <1

bone
o(r, f) = ,uf,forrb<R
1, forR™<r<1 (5.15)

1, forr < R™*
za(r‘ f) = muscle
Hy, for R™ e <r <1

where r = (x,y) is the position vector from origin O with the polar coordinates x = rcosé and
y = rsind. o(r,f) are assumed to be characterized by the conductivity contrast p = (¢%—c"%)
/6™ and the homogeneous background, respectively. On the other hand, Equation (15) is
represented by classical EIT as follows

o (r,f)=0c, forr <1

o(r, ) :{

o? ,forr <R™™

o, for R <r <1 (5.16)

b forr
Za(r,f):{o'f <

Rmuscle
o? , for R™*<r <1

Since the heterogeneous background is considered, ¢°% changes depending on the location,
i.e., &% # const. in Equation (16). Whether Yof and 2c: are distinguishable from % is

determined by voltages V: on the boundary 0Q which are configured by voltage uaq.

55.1.2. Solution of Laplace equation

Two cases of impedance difference are investigated, which are
1) bone-muscle impedance difference between ‘ot and %o,
2) fat-muscle impedance difference between 2or and %oy

Let J be the current density vector which formulates J-nsq = j with the outward unit
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normal vector naq and the current density j on 0Q. Considering the linear relationship between
the raw impedances Zsand Vyin Ohm’s law, anomaly conductivity is distinguishable [20] by

using the ratiometric impedances *Zs: with selected measurement number ¢ as a denominator

LG
1+ ﬂ(R“”‘*)

1+ B(R™*)?

- FRY]

where = (u—1)/(u+1) and 0 is the noise on the circular measurement system. Equation (5.17)

[z, (o) -*2,Cor )||

(5.17)
[Z.Co) -2, (o), =1-

is derived based on the fact that the voltage u satisfies Laplace equation and Neumann
boundary condition, which is written by

V-oVu=0 (5.18)
j=6VU~nm (519)
Firstly, u is obtained by solving Laplace equation (Equation (5.18)) under the assumptions

of o. Secondly, j is obtained by substituting u into Equation (5.19). Consequently, Equation
(5.17) is obtained (See Appendix for the derivation of the solution).

5.5.1.3.  Definition of Distinguishable Region £

Two cases of the impedance difference are considered to define distinguishable region E
which are derived from Equation (5.17) with three parameters: ¢%, R*", and R™¢, E has
two solution regions, i.e., the upper region E'? and the lower region E' where E' is above
the upper threshold 6“P(R™") or ¢“P{R™!%) and E'" is below the lower threshold ¢"*"((R™")
or O_Iowf(Rmuscle)

E=E®+E™
E” (a1’ or) = {0 > 0% (R™), and 0< R <1]
E™ (61, o1 s{ <™ (R™™), and 0 < R™ <1} (5.20)

Eup( o, Gf { Rmuscle) and O < Rmuscle <1}

E|0W(26f,0 Gf) = {Ga < G?W(Rmuscle), and O < Rmuscle Sl}

f

where
20
o_up(Rbone) :1+ 2*5
f o
(Rbone)z _
[ 3%
20
low boney _ 2+5
o, (R™*) =1-

bone o
[(R )? +ﬁ}
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S+SR™)2 4 JA
2[5_§(Rmuscle)2 +(Rmuscle)2 —1]
o (R = S+ S(R™)? _‘/.K i
2[5 — S(R™)2 4 (R™=)2 _1]
A= (R™) 4 257 (R™*)? 4+ 52 — 45 (R™*)*
+85(R™)? — 45 + 4(R™")* —8(R™*")? + 4
Here the values from Figure 5.3 are substituted into ¢°% in order to calculate o = ¢ (1 + 1)

O_L:p (Rmuscle) — _

with the noise level ¢ = 0.3. For better representation, E by classical EIT with ¢®%= 1 is also
considered.

Moreover, changes of distinguishable regions AEY and AE"" over frequency by
ratiometric EIT as compared to classical EIT are considered for the two cases of the
impedance difference which are calculated as follows

*EUP _ EUP

where *E"P and E*? are calculated by using ratiometric EIT and classical EIT, respectively.
The integral in the limited region 0 < ¢% < 2 is calculated considering the natural
representations of conductivity in calf compartments. AE'™ is calculated in the same way as
AE™.

5.5.1.4. Results of Distinguishable Region £

Figure 5.11(a) and (b) show E(*e, %sr) and E(%or, %or), respectively, by ratiometric EIT
(horizontal shading) and classical EIT (vertical shading). Ratiometric EIT yields a remarkable
increase in E(*or, %o) by decreasing ¢“P(RP"™) and the minimum radius of R*", R™" " at which
¢°°" can be distinguished from ¢™*%"%. This indicates ratiometric EIT distinguishes smaller
radius and smaller conductivity anomaly located in the center compared to classical EIT.
Meanwhile, ratiometric EIT also yields a remarkable increase in E(oy, %or) by decreasing
a"P(R™=°®) and increasing ¢'°“(R™!%), which increases the maximum radius of R™scle, Rmax,
at which ¢ can be distinguished from ¢™“. This indicates that ratiometric EIT
distinguishes smaller conductivity anomaly located near the boundary, which cannot be
distinguished by classical EIT at all.

In Figure 5.11(c), AE*(*ot, %61) and AE""(*o1, %61) show downward and upward trend as
frequency increases, respectively, which means that the distinguishability is affected by
frequency dependency based on the relationship of ¢ and ¢°%. Whereas, in Figure 5.11(d),
only AE""(%ot, o1) is provided because ¢"™((R™*) has negative values by classical EIT.

AE" (o1, °o1) shows a downward trend as frequency increases. These trends indicate that the
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Figure 5.11. Distinguishable region (a) E('6y; °6y) and (b) E(*c5, “o) at frequency S00Hz with noise
level 6 = 0.3 by ratiometric EIT (horizontal shading) and classical EIT (vertical shading),
respectively. Changes of distinguishable regions (¢) AE”(‘c, ) and AE""(‘os, %cp) and (d)
AE" (%o, °6p) over frequency by ratiometric EIT as compared to classical EIT.

ratiometric conductivity image *e at higher frequency distinguish bone and fat better,
whereas *o¢ at lower frequency distinguish muscle better. In that way, ratiometric EIT
increases the performance of calf compartments imaging by using multiple frequencies.
Overall, the distinguishability is increased regardless of location while maintaining

robustness to high p in the heterogeneous background without any a priori information.

5.5.2. Conductivity contrast

EIT uses impedance perturbation to show the conductivity image ¢ of the anomaly. The
numerical simulation results in the variant conditions of y mostly agree with the results
published earlier [11], [12]. It suggested that the accuracy of the linear approximation in EIT’s
inverse problem is seriously affected in the case of p > +20%. This condition is not usually

achievable in biological applications given the wide range of conductivity values in each
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compartment. Moreover, the human body is composed of a heterogeneous combination of
tissues, which is generally frequency-dependence [15]. These facts are a huge problem in
clinical practice since the compensative parameters cannot be incorporated as a priori
information.

Furthermore, image reconstruction of multiple anomalies, such as human body
compartments imaging, is generally challenging. The inverse problem gets even more
problematic when several anomalies have various sizes because the larger anomalies are more
dominant than the smaller anomalies on Z with widely varying scales [37]. Meanwhile, the
ratiometric preprocessing extracts the influence of multiple anomalies simultaneously with
the balanced scale due to the minimized u and improved distinguishability in *Z. Even though
other time-consuming approaches use a priori information, the configuration of *Z is a trivial
task that does not require any a priori information.

In summary, ratiometric EIT holds the valid internal information of each calf’s
compartments, as shown in Figure 5.5 and 5.8 in order to acquire structural images by
minimizing p while maintaining high distinguishability. As a proof of concept, rfda-EIT
showed good agreement with the ultrasound images in the experiment.

5.5.3. Singular spectrum

In order to demonstrate the influence of the improved distinguishability, singular value
decomposition (SVD) is applied. The SVD-based analysis presents global measures about
reconstruction performance. The SVD of a sensitivity matrix S is decomposed as

S=YXV' (5.22)
where Y=[y,..., ym]eRMM and V=[v,..., vm]eRV*N are orthogonal matrices, and ZeRM*N

is the diagonal matrix in which diagonal elements are M singular values arranged in
decreasing order. We investigate the singular spectrum Y'¢ to analyze the amount of useful
information contained in the following experimental impedance vectors ¢

zZ,-Z
i S infd-EIT

= 3 z in fda-EIT (5.23)
(*Z), —(*Z), inrfd-EIT
(*z),,—(*Z), inrfda-EIT

The YT¢ of a set of ¢ indicates how useful that set of ¢ is for image reconstruction given noise
level 6 [1]. Figure 5.12 shows logarithmic singular spectra log(Y'¢) from the experiments

with eight subjects’ calves in which the negative values in Y'¢ are excluded when taking
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logarithms, resulting in various numbers of effective measurements M.. Moreover, in order
to make a direct comparison, we took the average of log(Y') over f. Ratiometric EIT
significantly increases log(Y'¢) in terms of magnitudes and M. as compared to classical EIT.

This phenomenon certifies that ratiometric EIT contains more useful elements in *¢ by
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Figure 5.12. Logarithmic singular spectra log(Y’¢) by classical EIT (fd-EIT and fda-EIT) and
ratiometric EIT (vfd-EIT and rfda-EIT).
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preprocessing Z, which may be related to the reduced ill-posedness in terms of the continuity
of solutions [1] produced by the improved distinguishability.

5.5.4.Contact impedance variances

We experimentally find that ratiometric preprocessing is also useful for impedance
measurements with dry electrodes, such as the textile electrodes used in this study, where the
contact impedance z% is inherently huge and complicated. The characteristic of z°
significantly varies with individuals, making the impedance measurements challenging to
model its magnitudes and variances beforehand. We can confirm this observation by using
the in-situ measurement method, which simply calculates the impedance difference of two-

and four-wire measurements [38]:

i EI,I 1—2Z1,0 1+£|71,|—Z|71,|—2|71,| 0+ Zp-1,0 +1
70 — [h+1 [1+1] [1-1] 2[Il [-1.01+1] [1-1.01+1] (5‘24)
0

where zp+17 and z.p-y represent the raw impedances measured across the | and I+1-th
electrodes by four- and two-wire measurements, respectively. Figure 5.13 provides an
understanding of z* affecting the impedance measurement —the response of z¥ changes over
the subjects in the magnitude range of 10%<z¢<107. Figure 5.13(a) shows the spatial variances
in z¢ at f=500Hz, significantly changing over the electrodes. Figure 5.13(b) shows the
frequency dependency in z on electrode es, decreasing over f. A large magnitude in z° leads
to an almost artifact-free image; meanwhile, the sensitivity to the domain Q becomes
significantly small; by contrast, a small magnitude generates artifacts due to the excessive
amount of noise near Q. The variations in z%, which are as little as a few tens of percent,
cause artifacts distributed throughout the image [39]. These spatial variances in z° limit the
ability of classical EIT to show more physiological features of interest. Furthermore, z° is
essentially frequency-dependent because of the complicated system [40]. For instance, the
classical fd-EIT takes the frequency-dependent behavior directly into consideration in

analyzing ¢ without compensating z%, masking the internal physiological information on Z.

5.5.5. Simulation of contact impedance

In order to study the influence of a) the spatial variances and b) the frequency dependency
in z° on the accuracy of e, four cases are investigated as shown in Figure 5.14. Here, z° is

arbitrarily extracted from a Gaussian distribution No
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29~ N (5.25)
where us is a given mean of z at f, which stems from the parallel connection of the capacitance
C and resistance R, and s¢ is a corresponding standard deviation. Figure 5.14(a) shows
examples of the spatial variances in z* at f=500Hz. In cases 1 and 4, z° remains free from the
spatial variances. Meanwhile, in cases 2 and 3, z* are irregular over the electrodes. However,
the magnitude is primarily higher in case 2 than in case 3. Subsequently, the frequency
dependency of z is investigated. Figure 5.14(b) shows examples of the frequency
dependency in z% on electrode e;. In cases 1 and 4, z° remains constant over f, however, the
latter has a larger magnitude. In cases 2 and 3, z decreases over f in different gradients. ¢*
in four cases are provided in Figure 5.15 with the corresponding cc. fd-EIT and fda-EIT
suffer from dome-shaped artifacts; thus, only overestimated SAT layers are detected. In case
3, where the spatial variances in z* are the biggest, fda-EIT reconstructs the worst, leading to
an almost meaningless image. Overall, classical EIT scores lower cc than ratiometric EIT.

Ratiometric EIT show SAT layer and the bone tibia clearly, representing almost artifact-free
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Figure 5.13. (a) Spatial variances in contact impedance z at £=500Hz in experiment with eight
subjects. (b) Frequency dependency in z on electrode e;.
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Figure 5.14. (a) Spatial variances in contact impedance z at f=500Hz in four cases. (b)
Frequency dependency in z on electrode e;.
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Figure 5.15. Frequency-mean conductivity images <*¢> by classical EIT (fd-EIT and fda-EIT)
and ratiometric EIT (#fd-EIT and rfda-EIT) in various contact impedances z.; (Case 1, 2, 3, and
4 as shown in Figure 5.14) and Correlation coefficient cc of each algorithm.

images even in the case of the high spatial variances in z°. rfd-EIT and rfda-EIT similarly
compensate for the spatial variances in z¢ demonstrate characteristics except for case 1, where
z° is small and constant over the electrodes, rfd-EIT scoring higher cc than rfda-EIT. This

inequality probably stems from the SNR difference in the case of the ideal noise-free
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condition. Overall, the ratiometric preprocessing contributed to mitigate the spatial variances
inz¢.

As a result, the assumption of classical EIT is invalid as they hypothesize the parameters
are constant all over the measurements and electrodes. Therefore, ratiometric EIT is superior
to classical EIT because the affected area representing the abnormal dielectric condition can
be characterized by considering the frequency-dependent behavior independent of the spatial

variances in z°.

5.6.Summary

A multifrequency electrical impedance tomography (mf-EIT) with a ratiometric
preprocessing (ratiometric EIT) has been proposed for human body compartments imaging
and numerically and experimentally evaluated. The objective was to image calf compartments
by minimizing the conductivity contrast p that is inherently high in the human body. Based
on the results and evaluation of the reconstructed performance, it can be concluded that using

the proposed ratiometric EIT has the following merits.

(1) Ratiometric EIT was capable of minimizing p while maintaining high
distinguishability in the heterogeneous background without any a priori information.

(2) The numerical simulation in the variant conditions of p with newly derived
ratiometric EIT successfully improved the reconstruction performance with the area ratio
error of subcutaneous adipose tissue (SAT) 17.09% < AREST < 28.13%, the position error of
bone tibia 0.14%< PE"™" < 10.19%, the position error of bone fibula 9.51% < PE™\12 <1.74%,
and the correlation coefficients 0.79 < CC < 0.91.

(3) rfda-EIT is the best for calf compartments imaging among all the methods evaluated
in the experiment by comparing to the ultrasound images, which scored the total-mean area
ratio error <ARESAT> = 5,18% of SAT and the true positive rate TPR" = 87.5% for the bone
tibia detection

(4) Ratiometric EIT successfully increased distinguishability, which was theoretically
confirmed by finite precision measurements that ratiometric EIT distinguishes (a) smaller
radius and smaller conductivity anomaly located in the center compared to classical EIT and
(b) smaller conductivity anomalies located near the boundary, which cannot be distinguished

by classical EIT.
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It is concluded that implementing ratiometric EIT will help improve the treatment as a

point-of-care imaging of human body compartments.

Appendix. LAPLACE EQUATION CALCULATION

Laplace equation (Equation (5.18)) is calculated in a similar way as the study of Isaacson
1986 [20]; therefore, only the critical information is provided using classical EIT. Firstly, in
the case of background conductivity image % shown in Figure 5.10(a), Laplace equation is
solved given the continuum condition and the finite condition. VVoltage u on the boundary 6Q

is represented by Fourier series with coefficient U,

u(r,)=y" Uae"’ (5.al)
if current density j on 0Q is assumed as a function of 6
j0)=3" Cae“’ (5.a2)

with
_ 1 cor. —iaf
Ca—zjo J(H)e de

and with I1Jl;,=1 where

lo, =], Jotfon)

for a function g(r) and where d4 is the element of the area on 0Q. In the forward problem,

the following equation is considered
© a0 b ou muscle
Ao‘(z aonae )EO'fgg(rZR ,9) (533)

where A, is the Dirichlet-to-Neumann map. Given the finite condition at » = 0, u(r=0,0) = 0,

the general solution is obtained
u(r,6) =%+Z;r“(Pa cosaf +Qu sinad) (5.a4)

which is then compared to Equation (5.a1) on 6Q to acquire P,= U,/ (R™**)* and Q.= iU,/
(R™s<%)* Thus, the right-hand side of Equation (5.a3) is calculated as follows

Ubg a_u(r — Rmuscle ’ 9) — O_bg Zw a(RmuscIE)a—l U | C08a6+| U : si na@
f ar f a=1 (Rmusce) (RmUSCE)

_Z O_bga(Rmuscle 1U e

(5.a5)

Equation (5.a2) and (5.a5) are compared in order to yield U, = (R™“/ a-¢”%)C,. Then,
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Equation (5.al) is updated with R™*<= 1 and ¢”%/= 1

ur o) =30 B e e (5.26)

f

therefore
zn(%01) = Z::éca gle? (5.a7)

Secondly, in the case of bone anomaly conductivity image ' shown in Figure 5.10(b),
Laplace equation is solved in a similar way as ’sy, except that the complete general solution
and the matching condition are also required. Similarly to “s;, Equation (5.a3) is considered.
The general solution in Equation (5.a4) can be used in the case of » < R*"¢; however, the

complete general solution is required in the case of » > R?"

u(r,6)=Ao+Bolnr+Y"" [(Acr®+Bar )cosad

5.a8
+(Gar“+Har)sinad), for R <r < R™* (5-a8)

Equation (5.a8) is transformed with the matching conditions in the case of 7 = R*" (u(r",0)
=u(r",0) and =0 Vu(r ,0) = —o- Vu(r',0)) and then compared to Equation (5.al) on 0Q. In
the case of a = 0, Bo= 0, and Py= 24y are obtained for the cosine coefficients. In the case of

a > 0, the following are obtained
1 6? 1 O'E:
Ar==|1+ . P. , Be==|1- (Rbone)Z(z P.
2 c® 2 o™
f f

The sine coefficients are also obtained in a similar way. Equation (5.al) is converted into

Euler’s formula as follows
u(r,§)=>"" Uacosaf+iUasinad (5.29)

Then equation (5.a8) and (5.29) are compared under R™“““= 1 and 6’1 to rewrite the

coefficients

Ga
Pa=2U.(1+ G—;g)—l[l— Bo(R™)? ]t
f

Qa _ Zan(l+G_bfg)—l[l_ﬁo_(RbonE)Za]—l
o

where f,= (6°/~1)/(6°/1). Consequently, the right-hand side of Equation (5.a3) is calculated

as follows
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1+ ﬂG(Rbone)Za

o™ o —— —oein
1_ ﬂO_(RDOHE)Za

for

1+ﬂO_(Rbone)2a

r=R™ 0)=>" aU.
( ) Zazla [1_ﬁo_(Rbone)2a

Jcosaf+ialU o Jsina@

1 Rbone 2« (5310)
= Zw—l alJ Q[Lb)z]eiae
a=. 1_ﬂO'(R OnE) a
which can be compared to Equation (5.a2) in order to yield

1+ﬁo_(Rb0n9)2a
1_ﬂ6(Rbon9)2a

Then, Equation (5.al) is updated

» 11— Bo(R™™)* i
U(rlg)zzaﬂ;% Cae'*’ (5.all)

therefore

) - l 1_ > Rbone 2a i
(o) = ] o e O (5.a12)

Finally, equations (5.a7) and (5.a12) are used in order to characterize the distinguishable
region E('oy, %)) as follows

2|IBO_|(Rbone)2a

> 5.al13
1/2 1+ﬂa(Rb0ne)2a ( a )

uzcm)-zcmm

The solution with the ratiometric preprocessing is certainly obtained by replacing f, to f =
(u—1)/(ut1).
Thirdly, in the case of fat anomaly conductivity image oy shown in Figure 5.10(c),

Laplace equation is solved in a similar way as 'oyin order to characterize E(*ay, “oy) as follows

~ 1+ﬂ(Rmuscle)2
1/2 > O’? [1—ﬂ(RmUSde)2] (5314)

|2Ce)-2(a)|
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6. Local-spatiotemporal Change Monitoring in Extracellular
Fluid by Time-variation-constraint Sparse Bayesian
Learning Implemented into Frequency-difference Electrical

Impedance Tomography (fveSBL-fdEIT)

6.1. Research Motivation

A balance of volume/concentration in the extracellular fluid (ECF) is important to keep
physiological wellbeing because fluctuated volume/concentration beyond normal level raises
adverse health complications such as lymphedema [ 1], chronic kidney disease [2], and obesity
[3]. Therefore, the fluctuated volume/concentration needs to be measured by diagnostic
equipment to monitor disease progression [4]. Since local-spatiotemporal change (LSTC) of
volume/concentration in ECF due to excessive accumulated components, e.g., sodium ion
and protein, varies among patients and body parts, monitoring of LSTC is critical to
preventing severe disease manifestation. Generally, imaging modalities such as magnetic
resonance imaging (MRI) and X-ray computed tomography (CT) monitor “local-spatio”
change of morphological structure, not “local-temporal” change [5]. In order to satisfy both
“local-spatio” and “local-temporal” change of morphological structure, ultrasound imaging
(UD) is typically used for the early diagnosis of adverse health complications [6]. However,
UI still does not monitor components volume/concentration in ECF because Ul focuses on
morphological structure of the whole cross-sectional diseased tissue, e.g., subcutaneous
adipose tissue (SAT). As an alternative modality, bioelectrical impedance analysis (BIA) is
commonly used as a non-invasive, harmless, and simple method for monitoring impedance
arising from “local-temporal” change of components volume/concentration in ECF [7].
However, BIA is not able to monitor “local-spatio” change of components
volume/concentration in ECF because the measurement target is too broad on the whole
section of human limbs; therefore, BIA is unreliable for monitoring the LSTC [8].

Under these circumstances, electrical impedance tomography (EIT) is getting more
desirable than the above conventional monitoring modalities because EIT is able to monitor
both “spatio” and “temporal” (spatiotemporal) change of components volume/concentration
in ECF as well as easy operation, non-invasive, harmless, low cost, and capable of real-time

monitoring [9]. Generally, EIT images conductivity distribution ¢ [10] to monitor body fluids
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such as urine in bladder [11], edema in lung [12], hemorrhage and blood accumulation in
head [13]. Already, we have monitored spatiotemporal change in ECF in SAT during
prolonged standing and post-exercise [14] by frequency-difference EIT (fdEIT) based on a
wearable sensor [15]. The fdEIT is theoretically able to monitor spatiotemporal change of
components volume/concentration in ECF because ¢ of NaCl solution as the main component
in ECF is frequency-independent below frequency /= 1MHz [16], whereas ¢ of protein
solution as the subcomponent in ECF is frequency-dependent [17]. Nevertheless, the
conventional fdEIT is not able to accurately monitor the LSTC because the continuity of
inverse problem solution is not sufficiently guaranteed due to very small “local” effect on
measured impedance Z [10] in the LSTC fields.

Many approaches to implement machine learning into EIT were proposed to solve the
problem of inaccurate monitoring under the LSTC fields. Among the machine learning
approaches, the fundamental theory of sparse Bayesian learning (SBL) was developed to
monitor local change [18]. Shen et al. monitored “local-spatio” change in cognitive
biomarkers of Alzheimer’s disease patients by SBL implemented into MRI [19]. However,
the 1% generation of SBL is not able to monitor “local-temporal” change because the SBL is
not able to extract the inter-vector correlations. In order to solve the problem, Zhang et al.
introduced a positive-definite matrix B related to the temporal correlation into the SBL as the
2" generation of SBL to monitor the “local-temporal” change from electrocardiogram (EGG)
signals [20]. In order to achieve both “local-spatio” and “local-temporal” change (LSTC), Liu
et al. introduced the fundamental approach of SBL implemented into conventional EIT (SBL-
EIT) [21] to verify the image reconstruction performance in simple ink flow around a cylinder.
The conventional SBL-EIT assumes a sparse prior distribution p(e;y) (y: prior variance
vector) with respect to the unknown-variable 6. By learning 7y related to the sparsity of the
likelihood p(Z|y), the MAP (maximum a posteriori) estimation is obtained, which maximizes
the posterior distribution p(o|Z; y) with respect to 6. Generally, 6 changes with several
coherent “spatio” or “temporal” structures in medical monitoring applications; thus, learning
the valid structures is the target of the conventional SBL-EIT framework. A typical example
of EIT that uses the “temporal” structure (without machine learning) is the approach based
on the Kalman filter [22] and its extensions, such as the Ensemble Kalman filter [23], which
are not able to monitor the “local-spatio” change.

However, the LSTC is not accurately monitored by the conventional SBL-EIT in the

unstable-background fields where the background ¢ changes more significantly than the
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LSTC in the region of interest (ROI). Human subcutaneous tissue is composed mainly of SAT
and muscle as the background while veins as the ROI. Since ¢ of SAT is 10 times smaller
than that of muscle [24], it is challenging to monitor the LSTC near veins in SAT which is
the unstable-background fields. In this context, subsequent extensions of the conventional
SBL-EIT on time sequence learning [25] and fdEIT [26] may still suffer in the unstable-
background fields. In order to overcome the drawbacks in the unstable-background fields,
this study proposes “time-variation-constraint (#vc)” SBL implemented into fdEIT (tvcSBL-
fdEIT) for monitoring very small frequency-dependent LSTC. The tv¢SBL-fdEIT has two
significant possibilities; namely, 1) the iterative image reconstruction with block sparsity
extracts the temporal correlation in the unstable-background fields, and 2) the time variation
constraint separates SAT from muscle based on the prior information about the time-varying
frequency-dependency of ¢ in SAT and muscle.

This study aims to achieve three objectives which are 1) to propose tveSBL-fdEIT for
monitoring the LSTC in the unstable-background fields, 2) to evaluate the reconstruction
performance of tveSBL-fdEIT on 15 subjects’ calves along with an experimental protocol of
prolonged standing and leg elevation, and 3) to investigate frequency-dependency of ¢ in
ECEF, the local maximum position of frequency-difference conductivity distribution Ae, and

the key parameters of the reconstruction performance.

6.2. Time-variation-constraint Sparse Bayesian Learning
Implemented Into Frequency-Difference Electrical Impedance
Tomography (rv¢SBL-fdEIT)

6.2.1.Overview
Figure 6.1 shows the structure of time-variation-constraint sparse Bayesian learning

(tveSBL) implemented into frequency-difference electrical impedance tomography (fdEIT)
which denotes “#veSBL-fdEIT” for monitoring local-spatiotemporal change (LSTC) of
conductivity distribution ¢ in the extracellular fluid (ECF) in subcutaneous adipose tissue
(SAT). The tveSBL-fdEIT has three steps which are Step 1: formulation of blocked column
vector (BCV), Step 2: SAT separation by time variation constraint, and Step 3: temporal
correlation extraction by hyperparameter learning. Step 1 consists of three subsets which are
Step 1-1: time-frequency-dependent impedance measurement, Step 1-2: concatenation in the
time direction, and Step 1-3: column-vectorization. In Step 1-1, the single measurement

vector of Z at time # (Zx-SMV), which is both time-dependent and frequency-dependent, is
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obtained. In Step 1-2, Z4-SMV is formulated into the multiple measurement vector of the
frequency-difference impedance AZ (AZ-MMM) concatenated in the time direction #.
Similarly to AZ-MMM, the SMV of 6 (6,-SMV) and noise vector € (e,-SMV) at # are also
formulated into the frequency-difference conductivity distribution Ac (Ac-MMM) and the
noise matrix € (e-MMM), respectively. In Step 1-3, the three types of MMM are transformed
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Figure 6.1. Structure of time-variation-constraint sparse Bayesian learning in frequency-difference electrical
impedance tomography (fv¢SBL-fdEIT).
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to the three types of blocked column vector (BCV), i.e., AZ* (AZ*-BCV), Ac* (Ac*-BCV),
and €* (¢*-BCV) by column-vectorization for extracting the temporal correlation. Step 2
consists of three subsets which are Step 2-1: one-step reconstruction of Ao, Step 2-2:
calculation of temporal standard deviation, and Step 2-3: thresholding based on time variation
constraint. In Step 2-1, the one-step image reconstruction is performed using a sensitivity
matrix J which is common at all times. In Steps 2-2 and 2-3, SAT is separated by applying
the time variation constraint on the one-step reconstructed image. In this way, the elements
in SAT are separated by excluding those in muscle as background. In Step 3, the temporal
correlation is extracted in the separated SAT by learning hyperparameters with blocked

sparsity.

6.2.2.Step1: Formulation of Blocked Column Vector (BCV)
Figure 6.2 shows the flowchart of tveSBL-fdEIT consisting of Steps 1 to 3. In Step 1, the

frequency-difference impedance difference AZ; eRY (i.e., Z»-SMV) at the time # between
one measured impedance Zj, at high-frequency f> and another measured impedance Zi s at
low-frequency fi is expressed as

AZx = (Zk, 12— 2k, 11) © Zk, 11 = JA0k + g, (6.1)
where M is the total number of measurements, subscript £ (k =1, 2,..., K) is the time frame
number [-] with time # defined as # = k < Ak [s], Ak[s] is the time step size in discretization,

the symbol @ is the element-wise division of the vector, JeRM*V is the sensitivity matrix, Aok

eR" is the frequency-difference conductivity distribution, N is the total number of elements,

START

| Initialization of hyperparameters @ = {/, v, B}
Step 1
| Reconstruction of frequency-difference conductivity distribution Ae |

— Iteration number : iter=1 YES

‘ SAT separation by time variation constraint ‘
Step 3 l
—b\ Learning hyperparameters © ‘

" AU.mﬂ_AGim" 2J,'” Agitertl "2 < gmin
or iter = iter™™

NO
YES

Figure 6.2. Flowchart of time-variation-constraint sparse Bayesian learning implemented into
frequency-difference electrical impedance tomography (7vcSBL-fdEIT).
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and & = [ek1,..., Ekm, ..., €]’ €RM is the noise vector. The tveSBL-fdEIT extends the SMV
(Equation (6.1)) into the MMM as follows

AZ=JAc+¢ (6.2)
where AZ=[AZy,..., AZy,..., AZk]|eRMX (i.e., AZ-MMM), A6 = [A61,..., AGy,..., Aok eRVK
(i.e., Ac-MMM), and € = [g1,..., &, ..., &k]eRM¥ (i.e., Ae-MMM) where superscript T
indicates the transpose of a matrix. In order to extract the temporal correlation in Equation

(6.2), the MMM is formulated into the BCV by column-vectorization as follows

AZ* = J AG*+&* (6.3)
where * is the symbol of column-vectorization, AZ*eRMX (i.e., AZ*-BCV), Ae*cR (i.e.,
Ac*-BCV), e*eRYK (i.e., Ae*-BCV), 3= JoIeRMM © i the symbol of the Kronecker

product of two matrices, and Ie RXX is the identity matrix.

In the SBL-EIT framework, the prior probability distribution p(Ac*; X¥"), the likelihood
P(AZ* |Ac*; €¥), and the posterior probability distribution p(Ac*|AZ*; ") with respect to
Ac* are defined.

Firstly, the prior probability distribution p(Ac*; X¥"*) with respect to the unknown-variable
Ac* is defined. In /vcSBL-fdEIT, the prior probability distribution p(Ac*; XF) is assumed as
a zero-mean multivariate Gaussian distribution in which a prior covariance matrix
Y eRVENK consists of a prior variance vector ¥ = [y1,..., Yu..., yn)’ €RY related to the

RK xK

sparsity, and a positive definite matrix B € related to the temporal correlation [20]

p(Ac™; XP°) ~ N(0,X"°) (6.4)
where covariance matrix X7’° is as follows

7B 0
= (6.5)
0 7B

Here B is common for all elements N in order to prevent overfitting [27]. In this study, an
additive noise model with zero-mean Gaussian distribution is applied in accordance with the

common practice in EIT image reconstruction [21], [28].
Secondly, the likelihood p(AZ* |Ac*; €*) is defined. The noise probability distribution
p(e*) is assumed as a zero-mean multivariate Gaussian distribution in which a noise
RMKxMK

is independent and identically distributed

p(g*) ~ N(0, 21) (6.6)

covariance matrix Ale
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where 4 is the noise variance. From Equations (6.3) and (6.6), the likelihood p(AZ* |Ac*; €*)

with respect to AZ* is expressed as its conditional probability distribution as follows
P(AZ*| Ac*;%) ~ N(J Ac*, Al) (6.7)
Lastly, the posterior probability distribution p(Ac*|AZ*; X7*) is defined. Using Bayes’
theorem, i.e., the relationship between the prior probability distribution (Equation (6.4)) and
the likelihood (Equation (6.7)) which is expressed as
p(Ac™| AZ*; 7)) oc p(AZ*| Ac™;€*) p(Ac*™; ") (6.8)
the posterior probability distribution p(A6*|AZ*; XP*") is also a multivariate Gaussian
distribution as follows
p(AG*| AZ*; £7) ~ N(Ac*, ™) (6.9)

c RNK xNK

where Ac* eRXis the mean vector and X is the posterior covariance matrix which

are calculated as follows

~ ~ -1
Ac* = %):p“‘ JTAZ* = {/1(29”)1 +J7 J} JTAZ* (6.10)

_ 7t
Lyt :{(xp*)l +%JT J} (6.11)

(See Appendix for the derivation of the inference procedure).

6.2.3.Step2: SAT Separation by Time Variation Constraint
In the SBL-EIT framework, the hyperparameters 4, y, and B need to be learned using AZ
in the iterative image reconstruction with block sparsity. In Step 2-1, Ac is reconstructed
using the hyperparameters learned in one-step (iteration number: ifer = 1) in order to separate
SAT on that Ae. Thus, the iteration process is described in the next section. Since the
probability of a Gaussian distribution is maximized at its expected value, the MAP estimation
of Ac* is Ac* in Equation (6.10). Moreover, using the approximation for the MMM [20],
which reduces the computational cost, Ao is obtained as follows
Ao =7I" (Al +IyI")AZ (6.12)
In Step 2-2, after the one-step reconstruction by Equation (6.12), the temporal standard
deviation image v = [vi,..., Vn,..., ] €R" is calculated based on Ac. Here the temporal

standard deviation v, is defined by
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v = \/%zfl(mm ~(Aa, )Y (6.13)

where Ao, and <Aog,> are the value on the n-th mesh of Ac at the k-th time frame and the
temporal-mean value on the corresponding element, respectively.

In Step 2-3, SAT is separated by thresholding based on the time variation constraint where
only elements of v, lower than a threshold ¢ are preserved as illustrated in Figure 6.1. In order
to achieve high robustness even in the unstable-background fields where the background
conductivity varies greatly with time and frequency, e.g., muscle as background, Aec is
processed by thresholding the corresponding element based on the time variation constraint

that v, is smaller in SAT than that in muscle.

A _JAoy,, if v, <c 6.14
T =10, if v, 20 (6.14)

The threshold ¢ varies widely depending on the clinical conditions and should be adjusted
according to the target of interest. In this study, ¢ is heuristically determined as the 25th
percentile of elements based on a priori information about the relationship between ¢ of SAT
and other biological tissues such as muscle. Namely, the constraint is applied to the
thresholding based on the assumption that the higher ¢ indicates the bigger the time variation.

The Ao obtained by Equation (6.14) is again incorporated into the iteration process.

6.2.4.Step3: Temporal Correlation Extraction by Hyperparameter Learning

In Step 3, the hyperparameter matrix ® = {4, vy, B} is learned by minimizing the negative
log-likelihood —logp(AZ* | ©). In this study, instead of directly minimizing its likelihood
function L(®), the expectation-maximization (EM) method is used to maximize the
conditional expectation of logp(AZ* | @) given AZ*, i.e., Q-function Q(®), [18]. Each
hyperparameter of @ at which the partial derivative of Q(®) becomes zero is the updated
hyperparameter in the EM method. Here the approximation for the MMM [20] is used in

order to update y and B as follows

=)
ri]tter-¢-1 Z%A(S:er (Biter)—l (Acinter )T +|:(Yiler)—l+%JTJ:| (6.15)
-~ N Aoy (Ac)”
B:iz#wl (6.16)
N = Vo
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Biter+1 —
T 6.17
HB (6.17)

F

where superscript iter indicates iteration number, (Ac,") eRX is the n-th raw of A¢", B is
the regularization parameter for the temporal correlation which avoids the overfitting, and
|| : || r 1s the Frobenius norm of a matrix. Subsequently, similarly to the update of y and B, 4

is updated as follows

iter

2 A
+
F M

iiteu—l — ﬁ”AZ_JAGiter

Trace[ JyJ" (A" 1+3yJ") ™ | (6.18)

where Trace|] is the trace of a matrix. The iteration is conducted until either the error bound
0 = ||Ac™ " '=Ac™ ||/ | A" ! || > reaches its minimum 6™ or iter reaches the maximum

iteration number iter ™.

6.3. Experimental setup, Protocol, and Conditions

6.3.1. Experimental setup and Protocol
Figure 6.3(a) shows the experimental setup of EIT and bioelectrical impedance analysis

(BIA) measurements. The EIT’s experimental setup consists of four units: a wearable sensor
consisting of sixteen dry electrodes (5 x 10 mm) [15] attached at right calf position, a digital
multiplexer (made by Takei lab based on Arduino Due) connected to the wearable sensor by
coaxial cables, an impedance analyzer (IM3570, HIOKI, Japan) connected to the digital
multiplexer, and a PC including image reconstruction algorithm software. Impedance Z
measured by the impedance analyzer is sent to the PC using a USB cable. The BIA’s
experimental setup consists of a BIA system and BIA electrodes (two for hands and two for
feet) (InBody S10, InBody Japan Inc.) which measures conventional impedance z5* [7]. It
is confirmed by our preliminary tests that EIT and BIA measurements do not interfere with
each other even if the electrodes are still attached unless both measurements are conducted at
the same time.

Figure 6.3(b) shows the experimental protocol of the prolonged standing and leg
elevation in order to induce local-spatiotemporal change (LSTC) in the extracellular fluid
(ECF) in subcutaneous adipose tissue (SAT). At the beginning of the experiment, the subject
lies down on a reclining bed and conducts the leg elevation of angle ¢ = 30 degrees in order
to reduce the leg swelling affected by prior activities such as exercise and muscle fatigue [29].

During the prolonged standing, the subject stands for 40 minutes without any minor
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Figure 6.3. (a) Experimental setup of electrical impedance tomography (EIT) and bioelectrical
impedance analysis (BIA) measurements and (b) experimental protocol of prolonged standing
and leg elevation.

movement in order to induce an increase in ECF volume [14], where EIT and BIA
measurements are conducted consecutively, which spend 3 and 2 minutes, respectively. The
above process is repeated eight times (k = 1-8: tx = 5/10/15/20/25/30/35/40 minutes) for each
subject. During the leg elevation, the subject elevates the legs for 3 minutes using a reclining
bed and then slowly stands up; subsequently, EIT and BIA measurements are conducted
consecutively, which spend a total of 8 minutes in order to induce a decrease in ECF volume.

The above process is repeated three times (k = 8-11: tx = 50/60/70 minutes) for each subject.

6.3.2. Experimental methods

In this chapter, 15 healthy subjects (9 males and 6 females, age: 23.1 + 2.3 years, body
mass index: 23.1 + 4.9 kg/m?) were volunteered in accordance with the ethical guidelines of
the Bioethics Committee in Faculty of Engineering, Chiba University, Japan, and all
voluntary subjects gave informed consent. The Z is measured at various time frames (k = 1-
11) with a current /o=1mA at two frequencies f; = 1.6 kHz and f> = 4.7 kHz, which are selected
considering the current paths that penetrate only the extracellular spaces [7]. The Z is then
used to reconstruct frequency-difference conductivity distribution Ae on the FEM mesh
generated by NETGEN [30] which is supported by MATLAB R2020a (Mathworks, Natick,
MA). In order to quantify the LSTC for evaluating leg edema, spatial-mean conductivity
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(Ac)*T is calculated in the separated SAT. The z as a comparative parameter is measured
by BIA at frequency /2 = 5kHz in the right leg to represent the ECF [7]. These two
parameters are compared by correlation coefficient R where the significance level of the #-

test is set to 0.05. Moreover, the normalized values with mean 0 and standard deviation 1 for
EIT and BIA measurements, i.c., normalized spatial-mean conductivity (Ac)S4T and

normalized conventional impedance zBIA are calculated for evaluating the tendency of the
LSTC. In order to obtain great saphenous vein (GSV) position, ultrasound image is acquired
using a high-frequncy matrix probe (LOGIQ e Premium, GE Healthcare, Japan) with respect
to the EIT electrode position.

The minimum error bound and maximum iteration number for rveSBL-fdEIT are set to
omn =1 x 1072 and iter™™ = 15, respectively, which are optimized by trial and error. The
influence of these parameters are discussed below. The regularization parameter S for the
temporal correlation is set to f = 4 which considers the noisy Z [20]. The threshold c is set to
the 25th percentile of the temporal standard deviation image v, which is heuristically selected
for the robust SAT separation performance based on a priori information about the

relationship between o of SAT and other biological tissues such as muscle.

6.4. Experimental Results

6.4.1. Frequency-difference conductivity distribution during prolonged standing and leg
elevation
Figure 6.4 shows frequency-difference conductivity distribution Ae reconstructed by

tveSBL-fdEIT which are cropped within the angle between 6y = 120° and 6 = —150°
(described in Figure 6.5(b)) of 15 subjects’ calves during the prolonged standing and leg
elevation. Human calf dimensions are based on an x-y-z Cartesian coordinate system with the
z-axis along the gravity direction and the x- and y-axes orthogonal to the z-axis. The purple
dashed circles indicate the local maximum positions of Ae associated with great saphenous
vein (GSV) positions. Since local-spatiotemporal change (LSTC) associated with GSV is
small and difficult to distinguish in the entire image, the entire circular image is shown only

in the
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and leg elevation. Purple dashed circles indicate the local maximum positions of Ac associated with great




representative example in Figure 6.5(b), and Ac are cropped for all 15 subjects in Figure 6.4.
The angles 6y and 6 are chosen to emphasize the Ac near the GSV positions located on the
anterointernal side of the tibia. Although there were some variations in the EIT electrode
number at which the GSV was observed for each subject in the ultrasound image, it was
located near EIT electrode No.(3)-(5) (data not shown). Therefore, the LSTC in the
extracellular fluid (ECF) in the separated subcutaneous adipose tissue (SAT) appears to be
accurately monitored by Ac; namely, the LSTC is decreased during the prolonged standing
while the LSTC is increased during the leg elevation. High Ac are also observed in locations
other than near the GSV, which appears to be either ECF retained by capillaries near relatively
large veins or simply reconstruction artifacts. More interestingly, the locations near the GSV
show the highest Ac in most subjects. Figure 6.5(a) shows the cross-section of a typical
human calf, Figure 6.5(b) shows Ao of subject No.12 as a representative, and Figure 6.5(c)
shows the ultrasound image of the subject below the EIT electrode No.(4). In Figure 6.5(b),
the white dashed line indicates the boundary of the separated SAT. In contrast, the red dashed
line in Figure 6.5(c) indicates the direction from the origin toward the local maximum
position, whose angle §°/7; = 150° is quantitatively the same as the angle “5c = 150° on the
red dashed line which indicates the direction from the origin toward the GSV position in the
ultrasound image. From these figures, the LSTC positions in Ac are shown in the separated
SAT, not in the muscle compartments or bones, which is qualitatively similar to the cross-
sectional SAT of a typical human calf and the ultrasound image, where non-zero values are

preserved inhomogeneously; especially, the local maximum position of Ac indicated as the
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Great saphenous vein/ y EI"l'risl(c)EtI:oc(i)cn Noc?(4) ~~~~~ g:;raeizst?ﬂg: I;}:)c(4)
(GSV) 0\ qv ; 3 '
\ })'/ g d m
\ v
> x x* OV
1 Right Right
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N Gastrocﬁé/r;iusv Boundary of YR
i the separated SAT . F Boundary of SAT
Subcutaneous -180< <180
adipose tissue (SAT) 0. 2000 30005000
Ae [-]

(a) (b) (c)

Figure 6.5. (a) Cross-section of a typical human calf, (b) frequency-difference conductivity distribution Ac of subject
No.12 in the case of t1 = 5 minutes as a representative, and (c) ultrasound image of subject No.12 below EIT electrode
No.(4).
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purple dashed circle is associated with the GSV position. The image interpretation is

discussed in more detail in the next section.

6.4.2.Spatial-mean conductivity
Figure 6.6 shows normalized spatial-mean conductivity (Ac)>4T in the separated SAT

and normalized conventional impedance zB4 during the prolonged standing and leg
elevation. (AG)SAT and zBT4 are decreased during the prolonged standing while (A6)SAT and
zBTA are increased during the leg elevation. Even though the standard deviation of (A6)547 is

relatively higher than that of B4, (A6)SAT represents well the tendency of ECF.
Figure 6.7 shows the correlation between spatial-mean conductivity (Ac¢)>AT in the

BIA of 15 subjects’ calves where the correlation

separated SAT and conventional impedance z
coefficient R between two parameters and the p-value are also provided. A and z2 have a
strong positive correlation, which scores 0.715 <R <0.957 (p < 0.05). Therefore, considering
that the LSTC shows a similar tendency to the temporal change in z“, and furthermore, that
the LSTC is visualized, which is not possible by BIA, the advantage of rveSBL-fdEIT is
suggested. Regarding the respective value ranges, while z5'* ranges from 170 to 340[Q],
(Ac)*T ranges from 10 to 1400[-]. Despite the fundamental difference that BIA mainly
evaluates static status based on absolute values while EIT mainly evaluates dynamic trends
based on relative values, the variation in (Ac)*7 is larger than that of z8/, with a difference
of up to approximately two orders of magnitude. This appears to be due to the higher
sensitivity of /veSBL-fdEIT not only to the LSTC but also to errors depending on electrode

contact and skin conditions.
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Figure 6.6. Normalized spatial-mean conductivity (Ac)SAT and normalized conventional
impedance zB4 of 15 subjects’ calves.

105



5 10— 400 4007 ;
Subject 1 . Subject 2 Subject . Subject 4 .
: 401R =0.95 p<0.01 I 100 R=0732 p “:“ :__,00 i 0.742 0.01 :_‘;00 0764 01
3 301 < 3 3 200 32001 -
e 204 ® 50l i © © .
2 1) a4 . < 100 < 100+ .
0 ol e e ® 400 ); 0.949, p<0.0
245 250 255 260 265 285 290 295 210 215 220 225 230 285 280 300 320 340
2B Q] ZBH Q)] 2 [Q] 2B Q]
R ST —— 1000 TSubject . 800 TSubject s 1200 TSubject 10
— 1050 8 1 ). 764, p<0.01 - ) 0.05 —_— 0 01
= . . = ‘300- . :600 = 500/ !
a_ 10001 o ¢ S 600 4400 4
e = =] = 1
2 950/ 2 400 <200 & " g
.
900." 0.739, p<0.01 200+ ) tee L | s ° ]
290 300 310 235 240 245 250 285 250 255 260 295 240 245 250 235 240 245 250
ZBI4 Igll B4 IQ] B4 [Q] ZBI4 Igll ZBI4 [Q]
800 TSubject 1200 [Sybject 12 1000 Subject 13 . 230 Suby 4 . 800 TSubject 15 .
o 600 * o ] . 2 ™ 8001R 1 = 600" 0.801, p<0.01 o |
5 . . & 800 . - 600+ - .
«_ 400 ! “ b < « 4001 s |
3 € 400! e 4004 ¢ > .
< 200 o 2 2 2004 ] <200{ e . |
0.821. p<0.01 R =0.839, p<0.01 _0 R=0947, p<0.01
170 180 190 194 196 198 200 202 250 255 260 265 220 225 230 235 240 245 250
2B Q) B [Q) 22U Q] Bl [Q) 2B [Q)

Figure 6.7. Correlation between spatial-mean conductivity (Ac)*AT and conventional impedance z8'* of 15

subjects’ calves.

6.5.Discussions

6.5.1.Frequency-dependency of conductivity distribution
The reason for the occurrence of the local-spatiotemporal change (LSTC) in frequency-

difference conductivity distribution Ae in the separated subcutaneous adipose tissue (SAT) is
discussed. During prolonged standing, hydrostatic pressure in lower leg is increased due to
the gravitational force on blood, which increases the capillary filtration into the extracellular
spaces of tissues such as SAT [31]. Simultaneously, reabsorption in the extracellular fluid
(ECF) is decreased [32] due to the increased osmotic pressure of extracellular spaces, which
depends mainly on sodium ion concentration [33]. Therefore, the following proportional

relationship in ratio values is derived [34]

LECF Na+ECF
FOC Na*'°F (619)
where LEF and L™ are the volumes of ECF and intracellular fluid (ICF), respectively, and

Na'#" and Na'’“" are the sodium ion concentration in ECF and ICF, respectively.
Conductivity distribution ¢ of NaCl solution, the main component in ECF, is frequency-
independent in frequency /< 1 MHz [16] while ¢ of protein solution, the subcomponent in
ECF, is frequency-dependent at the low frequency used in this study [17]. Moreover,

impedance Z measured at a low frequency below f= SkHz represents ECF [7]. Since protein
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concentration is kept constant in healthy persons during prolonged standing, the normalized

spatial-mean conductivity (AG)SAT in Figure 6.6 is associated with the decreased frequency-
dependency of ¢ in ECF caused by the increased Na ™"’

According to the above explanation, the following relationship in frequency-difference of
o is derived in the case of healthy persons

1 LECF Na+ECF
<AG>SAT < LICF < Na+ICF (6.20)

According to Equation (6.20), the volume change in ECF ALEF in the right leg during the

prolonged standing and leg elevation is estimated from spatial-mean conductivity (Ac)> as

follows

ALECF _ <A6>:AT _<A°->1SAT

x x TESF>< ECF/TBF>< RLI
(Ba)™ Wx p X p , (6.21)

where ALE“" and (A6)>" at the k-th time frame are considered, w is subject’s body weight,
pTB'=0.6 [7] is the ratio of total body fluid (TBF) to total body weight, p”27FF = 0.29 [35]
is the ratio of ECF to TBF, and p®" = 0.1 [36] is the ratio of right leg to the whole body. Figure
6.8 shows ALY in the right leg of 15 subjects, which is increased during the prolonged
standing while ALF" is decreased during the leg elevation. Even though (Ac)>!" represents
only the LSTC, ALFF in Figure 6.8 is seemingly reasonable based on the assumption that
the tendency of (Ae)**" is consistent with AL“" in the whole right leg. However, AL*F is
ranged from 0.0019 to 1.45 [/] which is probably overestimated for some subjects considering
the range of the literature data [37]; therefore, compensative parameters for Equation (6.21)
needs to be investigated by considering other physiological conditions such as relative leg

lengths and fat-free mass (FFM) density [38].
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Figure 6.8. Volume change ALECF in right leg of 15 subjects during prolonged standing and leg
elevation.
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Figure 6.9. Correlation between max volume change max(ALEF) and muscle mass in right leg
VRt of 15 subjects.

Subsequently, the range of ALET is investigated. Figure 6.9 shows the correlation
between max volume change in ECF max(AL*F), i.e., ALF" at t5 = 40 minutes, and muscle
mass in right leg v®* measured by bioelectrical impedance analysis (BIA) of 15 subjects where
the correlation coefficient R between two parameters and the p-value are also provided.
max(ALEST) and v have a strong positive correlation, which scores R = 0.729 (p < 0.01).
Since blood flow change is correlated with muscle mass, max(AL*F) due to the increased
intravascular pressure is also correlated with muscle mass. However, it must be paid attention
that ALF" and v** are both related to body weight w; thus, other parameters need to be

investigated to understand better the differences in max(AL*F) between subjects.

6.5.2. Local maximum position of Ac
The reason why the local maximum position of Ae (purple dashed circle in Figure 6.4)

is associated with great saphenous vein (GSV) position is discussed. The global minima of
the SBL framework are always the sparsest [20] with the aid of the prior variance vector y
related to the sparsity that controls individual elements of Ac. It indicates that the local
minimum is also at least close to the sparsest even in a noisy and ill-posed field like EIT [10].
GSV is located between the superficial and saphenous fascia, whose depth position depends
on the subcutaneous tissue thickness. Moreover, GSV plays an essential role in returning
blood from subcutaneous tissue of leg to heart, which is associated with increased ECF
volume/concentration during prolonged standing. Although several large local maxima are
observed in Figure 6.5, the local maximum position of Ac is inferred to be related to ECF
diffused from capillaries near the GSV, even given the low resolution of the EIT image.
Therefore, tveSBL-fdEIT is able to extract the temporal correlation of the Ae in the separated

SAT, where non-zero values with the significant LSTC near the GSV position are monitored.
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6.5.3. Evaluation of rv¢SBL-fdEIT (Simple geometry)
6.5.3.1.  Simulation method
As a comparison method for the two types of the SBL-EIT, which are the proposed one

with SAT separation in step 2 and the conventional one without SAT separation in step 2, the
conventional iterative Gauss-Newton method is considered [39]
AG !t =A™ +(ITI+7-1)" I (AZ, —JAG) (6.22)

R¥Nis the identity matrix, and 7 is

where A6} is the Ao at time # in the iter-th iteration, Ie
the regularization parameter. Since the simple condition is considered here, the impedance Z
is normalized in a manner of time-difference EIT (/dEIT) only in this section as follows

AZ, =(Z,~2Z,)0Z, =IAc, +5, (6.23)
The measured impedance AZ; is calculated by the finite element method (FEM) using
MATLAB R2020a (Mathworks, Natick, MA); its FEM elements are created by NETGEN

[30], the element number for the forward and inverse problem is 2946 and 4560, respectively.

6.5.3.2.  Simulation condition
Figure 6.10(a) shows a simple geometry of a human calf, consisting of a great saphenous

vein (GSV), subcutaneous adipose tissue (SAT), and muscle. In order to simulate the two
types of physiological edema progression, the conductivity value ¢ of each compartment is
varied over time from f to # as follows. Figure 6.10(b) shows the lymphedema (LE)
simulation condition as Condition 1, where only the ¢ of GSV is time-varying at a constant
change rate «%”, while the ¢ of SAT and muscle are not time-varying. Figure 6.10(c) shows
the venous edema (VE) simulation condition as Condition 2, where the 6 of GSV and muscle

are time-varying at a constant rate of change %"= ¢™*““* (= 0.667) and the ¢ of SAT is time-

Great Saphenous Vein (GSV) 035 —_ 2
Region of Interests : ROI E g3 oo E
( B ) & 0 22 ﬂ 15 amm(-h' =0.667
e S
2 0.2 2
Muscle Z0.15 - .
(background) g 01 | 30.5
£ 0.05 + =]
&) 0 ——F— P 8 0 —‘%mgq SAT = ().222
Subcutaneous Adipose Tissue (SAT) 0123456 O L2 34 s 611 222
y [ |
(background) - - Arbitrary time #; [-] Arbitrary time #; [-]
Conductivity ¢ [S/m] | GSV e Muscle  —e— SAT I

(a) (b) (©
Figure 6.10 Simulation conditions. (a) Simplified simulated image of human calf on axial plane. Conductivity
values under conditions simulating (b) lymphedema (LE) and (c¢) venous edema (VE). tRaw values in (b) and
(c) are adapted from reference data [24].
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varying at a rate of change a*'" (= 0.222 < ¢%") time of SAT and muscle in the two conditions.
The o at initial time # (= 0.022 [S/m] at SAT, = 0.321 [S/m] at muscle) are adapted from
reference data [24]. In contrast, the 6 of GSV at o (= 0.022 [S/m]) is the same as for SAT. As
the progression of the ¢ during edema is generally proportional to water content, a“" was
calculated as a“'= 0.667 from the change in water content in the calf during 60 min of
standing in the experiment of Chester et al., 2002 [37]. Furthermore, since SAT changes
slower than GSV, &% is set asa a%"= a%"/3.

The sensitivity matrix J is calculated under homogeneous conditions, i.e. 6 = 1.0 [S/m]. The
injected current /o and frequency fare set to /o = 1 mA and f= 1 kHz, respectively, with which
the adjacent injection pattern was applied. The threshold ¢ in Equation (6.14) is set to the
median of the time standard deviation image v, and the initial values of A, y and B are A =
0.01,y =[1,..., 1,..., 1]T€R", and B = I €R®*X respectively. Gaussian noise is added to Z in
order to obtain a signal-to-noise ratio (SNR) of 40 dB. As for the proposed tv¢SBL-EIT (with
SAT separation in step 3), the conventional SBL-EIT (without SAT separation in step 3), and
the conventional Gauss-Newton method (Equation (6.21)), the maximum iteration number is
set as iter™™ = 10 under the two conditions. The regularization parameter # in the Gauss-
Newton method was selected using the L-curve method with 5 = 4.17x10°° (LE simulation

condition) and # = 1.80x107 (VE simulation condition.

6.5.3.3. Simulation results
Figure 6.11 shows the conductivity change Ae reconstructed by the rveSBL-EIT (with

SAT separation in step 2), the conventional SBL-EIT (without SAT separation in step 2), and
the conventional Gauss-Newton method as well as the true image. The dotted line in Figure
6.11(b) indicates the position of the GSV in the original image. In condition 1 (Figure
6.10(a)), the Gauss-Newton method was able to image the temporal changes in Ao near the
GSV. Still, the image was blurred compared to the true image. Furthermore, a ringing artifact
[40] with large negative values surrounding the GSV was also identified. On the other hand,
the two SBL-EIT image reconstruction algorithms were able to extract only local Ae. Since
SAT and muscles as the background did not change over time, the clear image was
reconstructed with or without step 2. In other words, for a simple problem such as Condition
1, it was easy to cancel the background influence and extract only the local changes as the
target GSV, even if only time differences were taken, and the SAT separation in Step 2 did

not particularly affect the image reconstruction performance.
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Figure 6.11 Conductivity change Ac under conditions simulating (a) lymphedema (LE) and (b) venous edema
(VE) (b). Dashed lines indicate the position of GSV. Top row shows true images and the other rows show images
reconstructed by various methods, whereas each column shows images corresponding to various times.

Next, in condition 2 (Figure 6.10(b)), the Gauss-Newton method was able to image the
boundary between the SAT and the muscle but not the temporal Ae near the GSV, which is
because the time variation of the whole region causes the negative effect that the background
could not be canceled by only taking a simple time difference between initial time # and time
tx without time correlation or sparsity hypothesis. On the other hand, the conventional SBL-
EIT without step 2 was able to image the Ao in the SAT and, moreover, to extract the area
around the GSV in the SAT where the time variation was particularly large. However, circular
artifacts were produced due to the temporal changes influenced by the SAT. The tveSBL-EIT
with step 2 was only able to extract Ae near the GSV. Although the entire region was time-
varying, SAT separation clearly extracted only the Ao near the GSV, where the “local-spatio”

and “local-temporal” changes were particularly large in the SAT.

6.5.4.Evaluation of tv¢SBL-fdEIT (Complex geometry)
6.5.4.1.  Simulation method
In order to quantitatively evaluate the proposed method under the unstable-background

fields with complex geometry where both the GSV as the region of interest and SAT as the
background are frequency-dependent, A is reconstructed by the tveSBL-fdEIT, SBL-fdEIT
(without SAT separation in Equation (6.14)), and the iterative Gauss-Newton algorithm which
is often used in the biomedical EIT. The Gauss-Newton algorithm is computed with the
Tikhonov regularization [39]

(6.22)

Acitel'+1 :Acilel' + JTJ+ - -1JT AZ _JAGiIel’
K e n-1)"J3 (AZ, K Re-posted
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iter

where Aoy is the conductivity distribution at the iter-th iteration step at the k-th arbitrary
time (1<k<3) and #=0.01 is the regularization parameter. The measured impedance AZ; is
calculated by FEM computations similar to section 6.3.2., where the element number of the
forward and inverse problem are 3219 and 4261, respectively. The impedance Z is measured
at two frequencies fi = 1.6 kHz and > = 4.7 kHz, with SNR = 40 dB due to the additive
Gaussian noise. Figure 6.12(a) shows an example of a human calf including muscle, SAT,
and GSV with the same boundary as the one used in Figure 6.5(b), and Figure 6.12(b) shows
corresponding conductivity values ¢ to simulate the unstable-background fields. Under
simple unstable-background fields, only the o of GSV is assumed to be time-dependent, while
the o of SAT and muscle are assumed to be time-independent and, furthermore, the ¢ of
muscle is assumed to be frequency-independent as well. Even if the muscle and SAT are time-
independent, the reconstruction of the local-spatiotemporal change (LSTC) due to the effect
of very small GSV is challenging under the frequency-dependent SAT. The ¢ of SAT and
muscle are adapted from [24] at all frequencies, whereas the o of GSV at frequency fi is two,
three, and four times the o of SAT at #,-th, #,-th, and #:-th arbitrary time, respectively. The o
of GSV at frequency £ is adjusted to achieve Aai=(cxn—oin)+(k—1)x(co1,0—01 )% (a7 Y,
with which a®7=0.905 is estimated from the experimental data during the prolonged standing
in Figure 6.6. This reflects the decreased frequency-dependency of ¢ in ECF caused by the
increased Na'" near the GSV, i.e., ox increases temporally, whereas Acg; decreases
temporally. The hyperparameters in SBL algorithms are set to the regularization parameter S
= 4 and the minimum error bound 5" = 1 x 107>, The threshold ¢ for tv¢eSBL-fdEIT is set to

the 75th percentile of the temporal standard deviation image v with higher values being

preserved, which is different from Equation (6.14). This ¢ should again be optimized

=l o ——Muscle
A time-independent | o gAT
N i GSV att,
= 0.1 E GSV att,
5 . GSV at 1,
9 :
s —

; 5 time-independent
©0.01 . :

[

- T+ 0 2000 4000 6000
Conductivity o [S/m] Frequency f[Hz]
(a) (b)

Figure 6.12. (a) Human calf on axial-plane including muscle, SAT, and GSV. (b) Conductivity
values under conditions simulating unstable-background fields. tRaw values are adapted from
reference data [24].
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heuristically for each application since it is one of the key parameters influencing the
reconstruction result significantly. For instance, the LSTC of the target is vanished by
inappropriate c. The maximum iteration number iter* for all algorithms is set to iter™* = 50
in order to examine the change for various iteration numbers by three metrics which are 1)
the temporal-mean localization error <LE>, 2) the spectral error SE, and 3) the image noise

IN[41]

1 r _ rtrue
<LE>== 3¢ P (6.24)
K r
1 ~ ertur ~ rue 2
SE - \/EZE—* NG, >P < A, ) (6.25)
1 <« std(x, )
<IN >=— — kL
K Zk:1< AGk >perturb (626)

where 7 is the distance between the origin and the center of gravity of the reconstructed
perturbation Ae#™?, (AG,)P¢"™™™P is the normalized value with mean 0 and standard
deviation 1 of the spatial-mean conductivity <Ae>*"""? at the k-th arbitrary time within the
AGP™? std(-) is the symbol of the standard deviation, and x; is the conductivity distribution
not belonging to the A", Here the Ac’*™? is defined as the connected pixels with
conductivity distribution higher than half of the global maxima. The superscripts ¢7ue indicate
the true value of each metric. In ideal conditions, the value of <LE>, SE, and IN are 0.

6.5.4.2. Simulation results
Figure 6.13(a) and (c) show the Ao at ifer = 15 reconstructed by each algorithm under

the unstable-background fields and the corresponding normalized spatial-mean conductivity
(AG, )PeTtuTh respectively. Figure 6.13(b) shows the ideal reconstruction image. Moreover,
Fig. 11(d) shows <LE>, SE, and IN of each algorithm. Since the reconstruction performance
does not vary with iteration number significantly, as described below, the Ac at iter = 15 is
shown; however, the appropriate iteration number varies the different conditions and should
be considered. While the reconstructed perturbation Ae”*™ due to the presence of GSV is
distinguished by SBL algorithms, the Gauss-Newton algorithm is not able to show the
Ao distinctly and suffers from the artifacts. Moreover, the (AG, )P¢"%"? is the farthest
from the ground truth among the algorithms. The Gauss-Newton algorithm simply takes
frequency differences without using temporal correlation or sparsity, therefore unable to

cancel the influence of the unstable-background fields. On the other hand, in the SBL
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Figure 6.13. (a) Frequency-difference conductivity distribution Ae of numerical simulation by tvcSBL-
fdEIT, SBL-fdEIT, and Gauss-Newton algorithm under the unstable-background fields. (b) Ideal
reconstruction image. (c) Normalized spatial-mean conductivity (AG,)P¢™™"™ of each algorithm and
ground truth. (d) Temporal-mean localization error <LE>, spectral error SE, and image noise IN of each
algorithm.

e s clearly distinguished at the correct position. Regarding the

algorithms, the Ao
(AG, )PeTtUTh in Figure 6.13(c), even though the rveSBL-fAEIT is slightly closer to the ground
truth than the SBL-fZEIT, both estimates the spectral well. However, the SBL-fdEIT shows
the artifacts as well as the Ac/”*™"”

This phenomenon highlights the advantage of the rvcSBL-fdEIT with the aid of SAT

, which is probably due to the unstable-background fields.

separation by time variation constraint.

Three metrics by all algorithms are largely independent of the iteration numbers, with the
SBL algorithms performing better than the Gauss-Newton algorithm. The temporal-mean
localization error <LE> is same by the tv¢SBL-fdEIT and the SBL-fdEIT, which scores
<LE>=0.139 £ 0.012. For GSV localization, only iter=2 is sufficient under this condition by
both algorithms. The spectral error SE is 0.031 + 0.004 and 0.061 + 0.001 by the rvc¢SBL-
fdEIT and the SBL-fdEIT, respectively, which indicates the tvcSBL-fdEIT estimates the
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temporal change of frequency-difference better due the improved noise robustness by the SAT
separation. The image noise /N is 0.072 + 0.009 and 0.132 = 0.001 by the tv¢SBL-fdEIT and
the SBL-fdEIT, respectively. Similarly to the result of SE, the SAT separation contributes to
noise suppression, which is crucial to monitoring the LSTC.

In terms of the reconstruction performance, the minimum error bound 6" should also be
considered. In the case of a relatively low measurement noise, a small 6™ is preferred, e.g.,
d™" =1 x 107 in the simulation; otherwise, the sparsest solution is not obtained. In contrast,
noisy measurement requires larger 0", e.g., ™" = 1 x 1072 in the experiment. Furthermore,
the various normalizations of impedance Z also influence the value range, e.g., our recent
ratiometric preprocessing [42] results in different optimum ™. Therefore, when the SBL
algorithms are independent of the iteration numbers, as in this simulation, the optimum ™"
gets larger, which should be adjusted by trial and error.

It is worth mentioning that the computation time " to reconstruct the Ac by the rvcSBL-
fdEIT is 10.9 times faster than " by the SBL-fdEIT (¢ = 14.76s and 160.43s,
respectively) by a PC (DAIV-DGZ510, MouseComputer Co., Ltd.) with 3.6GHz Intel Core
17-7700 CPU and 32 GB RAM. Even though the computational complexity is high mainly

due to the column-vectorization of the sensitivity matrix, ie., J = JOIeRYM  the

b

approximation of the original multiple measurement vector (MMM) space instead of blocked
column vector (BCV) space [20] contributes to improving the efficiency. More importantly,
the SAT separation in the tveSBL-fdEIT reduces the elements used in the computation for
achieving more efficient computation. The real-time monitoring of the LSTC by further

improving the computation efficiency is investigated in future studies.

6.5.5.Impedance variation
Figure 6.14(a) shows the original dataset of impedance used in the reconstruction

(subject No.1 as representative). As expected, the impedance Z is higher in lower frequency
/1 than in higher frequency f>. Although the amplitude of Z appears to be high and fluctuates,
the datasets remain in the tolerable range considering the fact that we used a wearable sensor
consisting of dry electrodes.

Moreover, Figure 6.14(b) shows the temporal change of the average impedance <Z>. It
shows the clear trends along with an experimental protocol of prolonged standing and leg
elevation. Not only the temporal change but also the local-spatiotemporal change (LSTC) can

be investigated using our proposed tveSBL-fdEIT,.
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Figure 6.14. Impedance variations at two frequencies over (a) measurement pattern and (b)
time.

Regarding a large variation in the correlation between the spatial-mean conductivity
(Ac)*T and the conventional impedance z® as in Figure 6.7, no correlation was found in the
correlation R (between the spatial-mean conductivity (Ae)**” and the conventional impedance
zP) with the fat thickness (defined as between the top skin and the deep fascia), BMI or lean
muscle mass (right leg) (correlation coefficients: 0.158, 0.445, and 0.024, respectively), as
shown in Figure 6.15.

One expectation is that the susceptibility to edema originates mainly from other causes,
such as hormones [43], instead of subcutaneous fat or muscle mass. Furthermore, variations
in the respective values due to the different nature of the BIA and EIT electrodes might also
need to be considered, which is discussed below. Regarding respective value ranges, as
suggested, while z ranges from 170 to 340[Q], (Ac)*'" ranges from 10 to 1400[-]. It should
be considered that z®! is an absolute value, whereas (Ac)*'" reconstructed using the
normalized difference in z*'" as an input value, is a relative value. Since EIT needs to solve
the inverse problem and is sensitive to many types of errors, difference EIT (e.g., time-
difference, frequency-difference) is usually preferred over absolute EIT. Since individual

errors vary considerably, EIT is often applied to assess dynamic trends rather than magnitude.
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Figure 6.15. Correlation R (between the spatial-mean conductivity (Ae)>T and the conventional
impedance zB'A) with the fat thickness (defined as between the top skin and the deep fascia), BMI
or lean muscle mass (right leg).
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Although there remains much significant work to be done to assess the magnitude under
various conditions, this is out of our objectives in this chapter since we focus on local-
spatiotemporal change (LSTC).

Figure 6.16 shows a box-and-whisker plot of the time variation of the average impedance
<Z> (averaged over all 208 measurement patterns) for each subject in order to discuss the
importance of the magnitude assessment. The temporal variations between subjects and the
magnitude itself are quite different, which ranges from 2000 to 25000[€2] (almost one order
of magnitude). As for BIA with flat surface electrode used in this chapter (metallic material-
based; InBody S10, InBody Japan Inc.), the body segments are assumed as five cylinders that
are not localized, so the sensitivity to LSTC is low, whereas the measurement is stable, so the
magnitude is also stable. On the other hand, as for EIT with textiles electrode used in this
chapter (silver yarn electrodes attached to a flexible cloth made up of polyester), due to the
localization on the electrode layer, it is highly sensitive to ‘local’ change of interest. However,
it is also sensitive to errors depending on contact pressure and skin conditions, so the
magnitude is not stable. These temporal variations in EIT measurement will be investigated
in the future, e.g., using pressure sensors [44] as a reference to examine the effect of various

contact pressures on z2 and (Ae)>'7, especially in the case of wearable sensors.

6.5.6.Study limitations
Some limitations of this chapter need to be mentioned. The first limitation is the small

number of subjects, including 9 males and 6 females. The experiments in this chapter are

mainly designed to investigate the performance of tvc¢SBL-fdEIT for monitoring LSTC of
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Figure 6.16. Box-and-whisker plot of the time variation of the average impedance <Z> (averaged
over all 208 measurement patterns) for each subject.

117



strong positive correlation with conventional impedance z5; therefore, it would be ideal to
repeat this chapter with larger groups. Moreover, the indirect effect due to sex and gender
differences as well as occupational characteristics will be investigated in future studies since
those factors may affect leg edema during prolonged standing [45]. However, more

importantly, in this exploratory study, the trend represented by the normalized value,

1.e., (A;)\S/AT, had similarities amond male subjects and female subjects. The second limitation
is that only the impedance magnitude value is used in order to avoid the complexity in the
sensitivity computation and data acquisition system. For the better understanding of the
frequency-dependency, dielectric properties should be incorporated into the analysis [46],
which is beyond the scope of this article. A new reconstruction algorithm that enables joint
optimization of spectroscopic and tomographic aspects is under consideration in our lab for

near future biomedical monitoring modalities.

6.6. Summary

Local-spatiotemporal change (LSTC) in extracellular fluid (ECF) in subcutaneous
adipose tissue (SAT) has been monitored for evaluating leg edema by time-variation-
constraint sparse Bayesian learning (fveSBL) implemented into frequency-difference
electrical impedance tomography (fdEIT) (tv¢SBL-fdEIT). This method is qualitatively and
quantitatively evaluated by an experimental protocol of prolonged standing and leg elevation.

The key findings of this research are:

(1) The tveSBL-fdEIT was proposed for monitoring the LSTC by iteratively
extracting the temporal correlation of frequency-difference conductivity distribution Ac

in the SAT separated by the time variation constraint

(2) The proposed tveSBL-fdEIT accurately reconstructed Ac whose spatial-mean
conductivity (Ae)*'" in the separated SAT had a strong positive correlation with
conventional impedance z¥ by bioelectrical impedance analysis (BIA), which scored

correlation coefficient 0.715 <R <0.957 (n =15, p <0.05)

(3) Frequency-dependency of conductivity distribution ¢ in ECF and the local

maximum position of Ae were investigated. The frequency-dependency of ¢ was
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decreased due to the increase of the sodium ion concentration in ECF in SAT. Moreover,
the local maximum position of Ac was associated with great saphenous vein (GSV)
position, which had a significant LSTC in Ae. Furthermore, the key parameters of the
reconstruction performance under the unstable-background fields are investigated by

comparing them to the conventional algorithms.

Appendix. Inference procedure

The inference procedure (Equations (6.8)-(6.11)) is described here, where only the critical
information is provided. Given the additive noise model with zero-mean Gaussian
distribution as represented in Equations (6.3) and (6.6), from the relationship between the
conjugate prior distribution of the Gaussian distribution, in the case where the prior
distribution (Equation (6.4)) and noise distribution (Equation (6.6)) are Gaussian, the
posterior (Equation (6.9)) is also Gaussian. Therefore, the exponent part of the posterior
distribution is calculated as follows

—% (Ao*-Ac¥)" (EP) " (Ac*-Ac*)
1 L (6.al)
== (A6®)" (Z7) ' Ac*+(Ac*)" (EP*) " Ae*+ const.
where const. is the term that is not containing Ac*. Similarly to Equation (6.al), the exponent
part of Equations (6.8) is calculated as follows
—%[(Ac*)T (zpr)-lAc*% (AZ*—JAc*) (AZ*-J Ac*)]

1 T rey-1 1 ~'I' 3 1 T ~'|' (632)
=—§(A6*) [(=) +ZJ J)]Ac*+z(Ac*) J' AZ*+const.

which is then compared to Equation (6.al) in order to acquire the mean vector Ac* eRM

and the posterior covariance matrix X7°e RMM a5 follows
N S 1 ~
Ac™*= {;L():P’e)l +J7 J} JTAZ*= ;2”"5‘ JTAZ™ (6.a3)
1- - 1
ypost — |:(Zpre)—1 +zJT J:| (63.4)

Equations (6.a3) and (6.a4) are exactly the same as Equations (6.10) and (6.11).
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7. Conclusions

7.1. Summary of Research

The aim of this thesis is to monitor extracellular fluid (ECF) in subcutaneous adipose tissue
(SAT) for evaluating physiological edema.

In this regards, the novelties of present study are: 1) to evaluate physiological edema on
conductivity distribution ¢ in lower leg subcutaneous tissue; 2) to study on the relationship
between frequency-dependence and absolute conductivity value in the reconstructed image
through the miniature EIT sensor as fundamental research towards developing data
preprocessing; 3) to develop multifrequency EIT (mf-EIT) with a ratiometric preprocessing
for boosting robustness under high conductivity contrast of biological tissue and suppressing
excessive noise; 4) to monitoring of local-spatiotemporal change (LSTC) in the extracellular
fluid (ECF) by time-variation-constraint sparse Bayesian learning (v¢SBL) implemented into
frequency-difference EIT (fdEIT). The details of present study explained in this thesis can be

summarized as follow:

Chapter 1
The background of this study was explained in detail. The physiology of edema, especially

lymphedema, were explained with its recent monitoring techniques and problems. In this

chapter, the main objectives to overcome the problems has been clarified.

Chapter 2
In order to solve the current issues and to deeply understand the physiological edema, the

basic knowledge of electrical impedance tomography (EIT) for visualization measurement
were explored. In this chapter, the EIT overview and the electrical properties of biological

tissues have been clarified.

Chapter 3
In this chapter, the investigation of physiological swelling on conductivity distribution in

lower leg subcutaneous tissue by EIT is described. The image-based reference EIT (IBR-
EIT) with fat-weighted threshold method has been proposed in order to assess the
physiological condition change or heterogeneity of subcutaneous adipose tissue (SAT) by
localizing the abnormalities within the compartment. The proposed method is evaluated by a

physiological swelling experiment with a wearable 16 EIT electrodes sensor where BIS is
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applied as a comparative method. The experimental results show that the proposed IBR-EIT
appears to identify the physiological swelling condition and effectively remove the
unexpected background noise. Furthermore, the conductivity variation in SAT shows a good
correlation with extracellular water volume change measured by BIS; the correlation
coefficient R? = 0.927. In conclusion, the proposed method provides a great prospect for SAT

assessment.

Chapter 4
In this chapter, the investigation of the relationship between frequency-dependence and

absolute conductivity value in the reconstructed image is described through the miniature EIT
sensor as fundamental research towards the development of data preprocessing. The use of
3D cell culture for tissue engineering and regenerative medicine applications often challenges
conventional biochemical and optical assays. Impedance-based cellular assays have shown
their potential to retrieve dielectric parameters about cell behaviour, such as viability,
proliferation, and differentiation for 2D adherent cell culture. Herein, simultaneous 3D
impedance imaging and viability measurements of multiple large (>2mm) 3D cell cultures
embedded in collagen gels are demonstrated. The method is facilitated by low-resistance 3D
printed scaffolds that can hold a 3D cell-gel system throughout cell culture while being
transparent to impedance imaging. It is shown in silico and in vitro that frequency-difference
electrical impedance tomography (fdEIT) can non-destructively and in a label-free way
differentiate a variety of cell concentrations with a single miniature sensor in real time.
Moreover, the relationships between frequency-dependence and absolute conductivity value
in fdEIT image are numerically explained using multiple samples. This study paves the way
toward developing fdEIT imaging for the quantitative and non-invasive evaluation of tissue

engineering products.

Chapter 5
In this chapter, the development of multifrequency EIT (mf-EIT) with a ratiometric

preprocessing for boosting robustness under high conductivity contrast of biological tissue
and suppressing excessive noise is described. In addition to the micro-scale fdEIT as a cellular
assay, the macro-scale fdEIT as point-of-care imaging is highly desired since reference data
over time is not necessary. Reconstructing the structural images of human body compartments
could be possible using electrical impedance tomography (EIT), but the reconstructed image

deteriorates due to high conductivity contrast u between anomaly and background. In this
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chapter, a multifrequency EIT with a ratiometric preprocessing (ratiometric EIT) has been
developed in order to minimize x4 while maintaining high distinguishability without any a
priori information. The preprocessing of ratiometric EIT is achieved by extending the
framework of ratiometric methods that uses the ratio of two measurement signals. Based on
the proposed ratiometric preprocessing, ratiometric frequency-difference adjacent EIT (rfda-
EIT) is newly derived. The rfda-EIT is qualitatively and quantitatively evaluated by
numerical simulation under the variant conditions of u (= 95%-10%) and experiment with
eight subjects’ calves. As the results, the rfda-EIT scores the area ratio error of subcutaneous
adipose tissue (SAT) 17.09% < AREST < 28.13%, the position error of bone tibia 0.14% <
PE™ < 10.19%, the position error of bone fibula 9.51% < PE™ < 1.74%, and the
correlation coefficients 0.79 < CC < 0.91 in the numerical simulation. The total-mean area
ratio error <ARE*™> by the rfda-EIT is lower than the error by the classical frequency-
difference adjacent EIT (fda-EIT) from 12.70% to 5.18% in the experiment. Moreover, the
true positive rate TPR"™ for the bone tibia detection by the 7fda-EIT is increased from 50.0%
to 87.5% as compared with the rate by the fda-EIT.

Chapter 6

In this chapter, the monitoring of local-spatiotemporal change (LSTC) in the extracellular
fluid (ECF) by time-variation-constraint sparse Bayesian learning (rv¢SBL) implemented into
frequency-difference EIT (fdEIT) is described. Local-spatiotemporal change (LSTC) of
frequency-difference conductivity distribution Ao in extracellular fluid (ECF) has been
monitored in subcutaneous adipose tissue (SAT) to evaluate leg edema by time-variation-
constraint sparse Bayesian learning (rv¢SBL) implemented into frequency-difference
electrical impedance tomography (fdEIT) (tveSBL-fdEIT). The tveSBL-fdEIT has three steps
which are Step 1: formulation of blocked column vector (BCV), Step 2: SAT separation by
time variation constraint, and Step 3: temporal correlation extraction by hyperparameter
learning. The #vcSBL-fdEIT is qualitatively and quantitatively evaluated by numerical
simulation under the unstable-background fields and experiment with 15 subjects’ calves.
Two types of numerical simulations are conducted to model lymphedema (LE) and venous
edema (VE) that cause LSTC in ¢ of subcutaneous tissue fluids in human calf phantom which
consists of three parts: great saphenous vein (GSV) as ROI and SAT and muscle as
background. From the results, LSTC in ¢ are clearly extracted only near GSV by the proposed

method, even in a field where the time-varying ¢ in the background is large. Furthermore, the
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accuracy of the proposed method is evaluated under the variant conditions of conductivity

GSV/SAT GSV/muscle

ratios of SAT and muscle relative to GSV, i.e., p and p , respectively, and area

GSV/SAT _— pGS V/muscle, which achieves

ratio accuracy 4ARA“" is the highest in the case where p
ARA®S” = 2.241 regardless of the values of p@"54T and p@S"/muscle Moreover, the tveSBL-
fdEIT was applied to the monitoring of 15 subjects’ calves along with an experimental
protocol of prolonged standing and leg elevation. The spatial-mean conductivity <Ae>% in
the separated SAT has a strong positive correlation with conventional impedance z# by
bioelectrical impedance analysis (BIA) (correlation coefficient 0.715 < R <0.957; n =15, p

<0.05), which is decreased during the prolonged standing while <A¢>%4"

is increased during
the leg elevation. Frequency-dependency of Ac is associated with LSTC of sodium ion
concentration in ECF while the local maximum position of Ae is associated with the great
saphenous vein (GSV) position. Furthermore, the superiority of the proposed algorithm is

numerically evaluated under the unstable-background fields.

7.1. Future Work

Based on this study, we recommend the following procedure to apply EIT as a new
monitoring method for physiological edema assessment:

1) A fat-weighted threshold method is applied if appropriate to assess the physiological
condition change or heterogeneity of subcutaneous adipose tissue (SAT).

2) Quantitative analysis in the field of current density and potential distribution is
necessary to understand the feasibility of differentiation of multiple samples using frequency-
difference electrical impedance tomography (fdEIT)

3) Ratiometric preprocessing is selected for boosting robustness under high conductivity
contrast of biological tissue and suppressing excessive noise while maintaining high
distinguishability without any a priori information.

4) Local-spatiotemporal change (LSTC) of frequency-difference conductivity
distribution Ao in extracellular fluid (ECF) is desired to be monitored in subcutaneous
adipose tissue (SAT) to evaluate physiological edema by time-variation-constraint sparse
Bayesian learning (#veSBL) implemented into frequency-difference electrical impedance
tomography (fdEIT) (tveSBL-fdEIT).

We realize this study still has more work to be accomplished. According to the proposed

results of this study, some promising consideration analysis of future development to expand
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the capability of EIT towards the early diagnosis of lymphedema are as follows:

1)

2)

3)

4)

5)

In the work of chapter 3, the increase in measurement speed must be taken into account
since edema could have progressed even within one measurement due to the slow
measurement speed. Since one of the advantages of EIT is its possibility for real-time
monitoring, some approaches, such as sensitivity matrix calculation based on machine

learning and prior learning of hyperparameters in SBL, will be investigated.

The simulations in Chapter 4 were very simple, even with multiple samples; therefore,

analysis with more structurally and electrically complex geometries is desirable.

In the work of chapter 5, ratiometric preprocessing, optimization of a weighted
average rather than just an average will be investigated since its weights apparently

vary between individuals, which depends on the proportion of biological tissue.

In the work of chapter 6, the optimization of tvcSBL-fdEIT through the update of
sensitivity matrix J (e.g., discrete cosine transform), which enhance the sparsity, as
well as the extension of the exploited correlations towards the spatial and frequency
correlations will be studied. Moreover, generalization of the SAT separation, i.e., the
selection of the threshold “c”, will be desired since ¢ varies widely depending on the
clinical conditions, which should be adopted according to the individual application.
It is expected to vary depending on fat thickness, water content, the skin conditions
with which the electrodes contact the subject, etc. Furthermore, instead of focusing
only on changes within the SAT, some clinical applications may rather focus only on
changes within the muscle. The c is heuristically determined as the 25th percentile of
elements based on a priori information about the relationship between ¢ of SAT and
other biological tissues such as muscle, which was sufficient for the current image
reconstruction problem. However, the in-depth consideration of the theoretical
approach to optimize the c will be investigated. As an example, given that the proposed
method follows a Bayesian framework, we plan to investigate whether a statistical

choice for ¢ would improve the reconstruction performance.

All the physiological work must be noted with some limitations. For example, in the
work of chapter 6, the first limitation is the small number of subjects, including 9
males and 6 females. The experiments in this chapter are mainly designed to
investigate the performance of tvcSBL-fdEIT for monitoring LSTC of

volume/concentration in ECF. Nevertheless, (Ac)**" in the separated SAT had a
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6)

significantly strong positive correlation with conventional impedance z5'%; therefore,
it would be ideal to repeat this study with larger groups. Moreover, the indirect effect
due to sex and gender differences as well as occupational characteristics will be
investigated in future studies since those factors may affect leg edema during
prolonged standing. The second limitation is that only the impedance magnitude value
is used in order to avoid the complexity in the sensitivity computation and data
acquisition system. For a better understanding of frequency-dependency, dielectric
properties should be incorporated into the analysis. A new reconstruction algorithm
that enables joint optimization of spectroscopic and tomographic aspects is under
consideration for biomedical monitoring modalities. Furthermore, validation of
changes in the concentration of various extracellular fluid components with their

dielectric properties during prolonged standing will be investigated.

Clinical tests to extend the capability of EIT for early diagnosis of lymphedema will

be conducted.
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Chapter 2

u(i)
u(im

Vm

Chapter 3

(9

Nomenclatures

: Conductivity distribution

: Boundary voltage

: Current

: Impedance in the measurement domain

: Measuement domain

: Domain boundary

: Electrical potential

. Angular frequency

: Electric field

: Magnetic field

. Electric flux density

: Magnetic flux density

: Relative permittivity

: Vacuum permittivity

. Relative permeability

: Vacuum permeability

: Sensitivity matrix

: Potential field produced by injecting current i into the e-th electrode
: Potential field produced by injecting current i into the m-th measured
voltage pattern

: Measured voltage at m-th measured electrode pattern (1<m<M)
: Conductivity at n-th mesh (1<n<N)

: Regularization hyperparameter

: Iteration number

: Characteristic function to specify conductivity

: Conductivity distribution
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Q : Sensing domain
\ : Boundary voltage
S : Sensitivity matrix
A : Regularization hyperparameter
R : Diagonal matrix
¢ : Conductivity distribution reconstructed using absolute EIT
<¢™>  : Spatial-mean of the estimated conductivity distribution in SAT layer
<g¢™*®> : Spatial-mean of the estimated conductivity distribution in muscle
o : Difference in conductivity distribution compared to ¢°*.
o™ : Conductivity distribution reconstructed using time-difference EIT
Chapter 4
c : Conductivity distribution
Ao : Conductivity changes
Y - Surface tension
Zm : Impedance
Zobj : Object frequency
Zref : Reference frequency
AZ : Impedance difference
J : Sensitivity matrix
R(Ao) : Regularization term
IV : TV norm
k : Iteration number
Q : Sensing domain
Rmax : Diameter of the ROI circle
Aoi* : n-th element of final conductivity distribution
Ap* : Normalized resistivity changes
j : Current density
® : Electric potential
X : Position inside the simulated domain
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Chapter 5
Zm

7 ref

(o)

i
Ac

: Raw impedance

: Reference impedance

: Conductivity distribution

: Conductivity contrast

: Conductivity changes

: Measurement number (1<¢<M)

: Spatial resolution (1<n<N)

: Selected measurement number as a denominator (1<E<M)
: Frequency number (1<f<F)

: Time number

: Spectral-temporal error

: Sensitivity matrix

: Inverse operator

: Iteration number

: Sensing domain

: Symbol of optimal value

: Symbol of ratiometric value

: Symbol of average value

: Regularization matrix

: Regularization hyperparameter

: Characteristic function to specify conductivity
: Background conductivity

: Anomaly conductivity

: Radius

: Position vector from origin O (r = (X,y))
: Domain boundary

: Noise on a circular measurement system

: Voltage
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E : Distinguishable region

AE : Changes of distinguishable region
Chapter 6
c : Conductivity distribution
Z : Impedance
B : Positive-definite matrix
7 : Reference impedance
Y : Prior variance vector
te : Time number
Ac : Frequency-difference conductivity distribution
€ : Noise matrix
J : Sensitivity matrix
f1 : Low-frequency
f : High-frequency
Ak : Time step size in discretization
xpre : Prior covariance matrix
xpost : Posterior covariance matrix
yl : Noise variance
\J : Temporal standard deviation image
c : Thresholding value
(0] : Hyperparameter matrix
L(®) : Likelihood function
Q(®) : Q-function
iter : Iteration number
S : Regularization parameter for temporal correlation
Il : Frobenius norm of a matrix
omin : Minimum error bound
iter™ : Maximum iteration number
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BIA
(s
LECF

LICF

Na+ECF

Na+|CF

: Impedance measured by BIA

: Normalized spatial-mean conductivity

: Extracelluler fluid (ECF) volume
- Intracellular fluid (ICF) volume
: Sodium ion concentration in ECF

: Sodium ion concentration in ICF
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