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General Introduction

Magnetic Resonance Imaging

MRI is a medical imaging modality based on the phenomenon of NMR [1, 2]. To

create an MR image, the patient first enters a strong static magnetic field (typically

≥30000 times higher than the Earth‘s magnetic field). This static magnetic field

creates the (Zeeman) magnetization required for imaging. The spatial encoding of

this magnetization, required to generate an image of the patient, is created by pulsed

magnetic field gradients. The final ingredient required for MRI is a time-varying RF

electromagnetic field that induces the NMR signal. The frequency of this RF field

has to be set to the Larmor frequency, which is determined by the static magnetic

field strength and the gyromagnetic ratio of the nucleus being imaged.

Diagnostic MRI for mobile organs

MRI is a very flexible and insightful imaging modality in terms of the resulting physio-

logical information. Additionally, MR images are acquired without ionizing radiation

exposure for the patient, unlike CT imaging. The downside of MRI, however, is that

the acquisition times (order of minutes) are usually relatively long compared to phys-

iological motion. As a consequence, when physiological motion occurs during an MRI

acquisition, this leads to a corrupted representation of the imaged anatomy [3]. These

motion artifacts are especially pronounced for abdominal and thoracic MRI, mainly

due to respiratory motion [4]. The artifacts induced by motion during MRI acquisition

can be minimized by performing motion correction during MRI acquisition or retro-

spectively on the acquired MRI data [3, 5]. This motion correction, however, requires

knowledge on the motion during MRI acquisition. The required motion information

is typically provided by a so called motion surrogate.

MRI in radiotherapy

Historically, CT imaging is used for radiotherapy as it inherently provides the elec-

tron density information required for the radiotherapy dose calculation in addition to

anatomical information. MRI, however, not only offers superior soft-tissue contrast

compared to CT imaging, but also the possibility of generating several different image

contrasts of the same anatomy (see Figure 1.1) in any desired orientation. In addition

1



1
Chapter 1

to being able to generate anatomical images with different contrasts, MRI provides

several functional imaging techniques, e.g. DWI [6, 7]. These functional imaging tech-

niques may aid in target volume determination, in defining an integrated boost volume

for treatment intensification, or to monitor treatment outcome [8]. The use of MRI in

radiotherapy treatment planning is already firmly established in brain, abdomen, and

pelvis, with many other tumor cites being actively researched [9]. Moreover, MRI has

the potential to fully replace CT by providing electron density information as well as

anatomical information [10].

Computed tomography (CT) Anatomical MRI (T2w) Functional MRI (ADC)

Figure 1.1: An example transversal slice through the pancreas of a patient with pancreatic
cancer shown on a CT image, anatomical and functional MR image. This demonstrates the
versatile, multi-contrast capability of MRI. The yellow arrow indicates the tumor.

MRI simulation

MRI simulation is aimed to provide the required anatomical information to facilitate

MRI-based radiotherapy treatment planning and usually consists of several MR image

acquisitions with different contrasts (see MR images in Figure 1.1). The origin of the

electron density information is outside of the scope of this thesis and could either be

provided by CT or MR imaging. In comparison to diagnostic MRI, MRI simulation

is performed specifically for radiotherapy treatment planning in a setup that mimics

the treatment position of the patient. An example of the differences is the curved

cushion-lined couch in diagnostic MRI compared to the flat-bed radiotherapy couch

in MRI simulation [11] (see Figure 1.2).

MRI simulation for mobile tumors

For radiotherapy of mobile tumors, periodic motion is taken into account by adding

patient-specific motion margins for treatment delivery. To calculate these motion
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Diagnostic MRI MRI simulation MRI-guided treatment

Figure 1.2: The measurement setup for diagnostic MRI, MRI simulation and MRI-guided
radiotherapy from left to right, respectively.

margins, the displacement due to periodic motion has to be measured during MRI

simulation. This displacement can be derived from a pre-treatment 4D-MR image, i.e.

a 3D representation of the anatomy during different phases of the periodic motion.

For respiratory motion, which is the most pronounced periodic motion in the abdomen

and thorax, it is common to create a respiratory-correlated 4D-MRI that describes the

3D anatomy over an average respiratory cycle [12, 13]. This respiratory-correlated 4D

image is created by sorting the acquired MRI data based on a respiratory surrogate

signal. Similar to motion compensation methods, 4D-MRI generation would not be

possible without a motion surrogate to provide the necessary motion information.

MRI-guided radiotherapy for mobile tumors

The use of MRI in radiotherapy is expected to increase even further in the near

future due to the recent clinical implementation of hybrid systems that combine an

MRI scanner with a radiation therapy unit. Two such systems are currently being

used for patient treatment, i.e. the MRIdian [14] and Unity [15] systems.

The first benefit of an MRI scanner integrated with a radiation therapy unit is an

improved visualization of OARs and the target on the treatment table with daily

MRI compared to the typically used cone beam CT [16]. This improved visualization

can permit plan adaptation, which potentially leads to a better PTV coverage, dose

escalation and/or reduction of toxicity [17, 18, 19, 20, 21, 22].

During treatment delivery, organ displacement that was not accounted for in the

treatment plan due to involuntary motion (e.g. peristalsis or cardiac motion) or sud-
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den voluntary motion (e.g. bulk body movements or swallowing) can occur. Any

motion that occurs, leads to an uncertainty in the position of the target and OARs.

Without compensation, this could lead to potential underdosage of the target, and/or

overdosage in OARs. An additional benefit of a hybrid MRI-linac system is the avail-

ability of MRI during treatment. In this setting, real-time MR images could be used to

constantly track motion and adapt radiation delivery. MRIgRT could facilitate online

motion management techniques, such as exception gating (e.g. stopping treatment

during bulk patient movement or swallowing), repetitive gating (e.g. stopping treat-

ment during a part of the respiratory or cardiac cycle), and potentially continuous

tumor tracking [23].

These real-time MRIgRT motion management techniques, however, would require a

motion surrogate with minimal latency to allow for motion management [24]. Cur-

rently, the time required to acquire a full 3D MRI volume (order of seconds) is too

slow for real-time applications. Fast 2D cine MRI slices could be used to measure

motion [25], but this approach makes it difficult to track through-plane motion. A

possible solution to both problems is to use a motion model [26], driven by fast 2D

MR images, that estimates the full 3D motion [27, 28, 29, 30]. The validity of these

motion models over time, however, is not guaranteed and would ideally be verified

during motion monitoring with an independent motion surrogate.

Motion surrogates in MRI

As was described above, a motion surrogate is essential for motion correction on MR

images in diagnostic MRI, generation of 4D-MR images in MRI simulation and real-

time MRIgRT motion management. The requirements for these applications differ

significantly as the relatively easy case of 4D-MR image generation only requires the

(1D) phase of the periodic motion, whereas MRIgRT requires the 3D DVFs of the

full anatomy. Currently, there are multiple different motion surrogates available in

MRI and their applicability for diagnostic MRI, MRI simulation and MRIgRT will be

evaluated. An overview is presented below, where the methods are divided into three

categories, i.e. external, internal and self-navigated surrogates.

External surrogates

External motion surrogates are the most commonly used in diagnostic MRI. These

methods are not based on MR signal, but are dedicated to measure motion. The

most well known examples include the respiratory bellows [31, 32] and optical cameras
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[33]. In addition to diagnostic MRI, these methods could serve as motion surrogate

for 4D-MRI generation. In practice, however, these methods are not designed for a

radiotherapy setup and there are some complications. External motion surrogates

that are in direct contact with the patient could create deformations in the body

contour which are not present during treatment, rendering the treatment plan invalid.

A markerless optical camera does not suffer from this drawback, but does require a

line-of-sight that allows for motion detection. As typically a stationary elevated RF

receive array is used for MRI in a radiotherapy setup, the line-of-sight of the camera

might be compromised and motion cannot be detected. Finally, for MRIgRT the lack

of correlation of external surrogates with respect to the internal anatomy makes this

method unsuitable [34, 35, 25, 36].

Internal surrogates

Internal motion surrogates rely on MRI acquisitions and are often called MR naviga-

tors (e.g. pencil-beam navigators [37]). For diagnostic MRI and MRI simulation, an

MR navigator could be interleaved with the MRI sequence that images the anatomy

of interest with the desired contrast. This interleaved relationship comes at the cost

of a decrease in scanning efficiency [38], yet does yield quantitative motion informa-

tion. Generally for these applications, MR navigators are positioned on high contrast

interfaces (e.g. liver-lung interface for respiratory motion detection) close to the MRI

target. When the MR navigator is within the imaging volume of the MRI acquisi-

tion it is interleaved with, this could lead to signal saturation or disrupt the imaging

steady-state [39].

For MRIgRT, 3D MRI sequences with sufficient temporal resolution (depending on the

motion of interest) would be required to derive the 3D DVFs. Unlike the MR navigator

these would not be interleaved with another MRI acquisition, but would be dedicated

to motion monitoring. MR sequences with non-cartesian readouts are gaining interest

for this purpose. Non-cartesian readout strategies yield superior motion robustness

and improved flexibility during image reconstruction (i.e. the compromise between

temporal and spatial resolution can be chosen retrospectively) compared to cartesian

readout strategies.

Self-navigated surrogates

Self-navigated surrogates are directly derived from the signal acquired by the RF

receiver during MRI acquisition. Contrary to internal surrogates, self-navigation does
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not require any interleaving of a navigator in the imaging sequence. As a result, self-

navigation does not interfere with MRI acquisition, is inherently synchronized with

the MRI data and yields a maximum scan efficiency. There are roughly two different

types of self-navigation.

The first utilizes the MR signal itself and is based on non-cartesian readout strategies

where the modulation of signal of the k-space center reflects physiological motion.

Similar to the MR navigator, this type of self-navigation can yield quantitative mo-

tion information based on a projection of the anatomy for diagnostic MRI and MRI

simulation. This method, however, can suffer from potential MRI data inconsistency

e.g. phase instability, eddy currents disturbing the k-space center signal [40], and

partial saturation bands [41]. Additionally, not all contrasts desired for diagnosis or

MRI simulation are compatible with the non-cartesian readout strategy that accom-

panies the self-navigation. For MRIgRT, this non-cartesian readout strategy could

be beneficial due to its motion robustness and image reconstruction flexibility as de-

scribed before. Nevertheless, non-cartesian readout strategies are not typically used

in clinical practice and might not be readily available.

The second type of self-navigation utilizes a signal that is acquired simultaneously

with the MR signal and is generally based on the dielectric properties of the body.

The spatial distribution of these dielectric properties governs the electric impedance

of the body observed by the RF receiver. This body impedance observed by the RF

receiver is modulated by physiological motion as this results in temporal variation

of the spatial dielectric property distribution. This means that this type of self-

navigation does not depend on MR signal and in principle is compatible with any

MR sequence. Nevertheless, due to the complex relation between tissue motion and

modulation of the body impedance, this method is only qualitative.

The pilot tone navigator [42, 43] utilizes a continuous wave RF signal generator,

in the same room as the MRI scanner. The frequency of the generated signal lies

outside the frequency band of the MR signal, but within the receiver bandwidth.

Physiological motion alters the body impedance and thus leads to modulation of this

transmitted signal detected by the RF receiver. This method, however, requires active

signal generation with dedicated hardware and careful calibration to prevent interfer-

ence with MR imaging. Another active method monitors the reflected RF power of

a transmit/receive coil using a directional coupler [44, 45] or pick-up coils [46]. The
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fluctuations in the body impedance modulate the mismatch (S-matrix) of the RF coil.

It was shown that respiratory and cardiac motion can be detected by monitoring the

reflected RF power [44]. Unfortunately, directional couplers or pick-up coils are not

standard in clinical MR scanners and thus hardware modifications are required. Fur-

thermore, in clinical MR scanners the body coil is typically the only transmit/receive

coil available. At MR scanners with a high static magnetic field strength (i.e. ≥7T),

however, it is more common to have transmit/receive coils and directional couplers

are available by default. Generally, these body impedance methods are not quanti-

tative, but could be used for diagnostic MRI and MRI simulation. The additional

hardware would not be in direct contact with the patient and thus is compatible with

a radiotherapy setup.

As an alternative to the active motion detection, body impedance fluctuations could

be observed passively through the thermal noise measured by an RF receive array

[47]. The latter method will be called the noise navigator from now on and is the

focus of this thesis.

Thermal noise in MRI

The spatially encoded NMR signal that is used to generate an MR image is measured

with an RF receiver. These RF receivers, however, do not only measure the MR signal

but also thermal noise. The measured thermal noise has its origins in a fundamental

physical phenomenon, i.e. thermal agitation.

The electric charge carriers in a conductor are in thermodynamic equilibrium with

the heat motion of the matter the conductor consists of [48]. In other words, thermal

motion of electric charge carriers within a conductive material (e.g. the human body)

causes rapid fluctuations in the density of electric charge carriers [49] leading to

time-varying electromagnetic fields. These fluctuating electromagnetic fields induce

an electromotive force in the RF receiver through Faraday induction (i.e. the same

principle used for NMR signal detection). This electromotive force is the thermal

noise observed in an MRI experiment. Due to the stochastic nature of the source of

the thermal noise, i.e. thermal agitation, the real and imaginary part of the measured

thermal noise are independent samples drawn from an identical Gaussian distribution.

The electrical potential fluctuation induced in an RF receiver by thermal agitation

can therefore be described by its variance according to the Johnson-Nyquist model
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[48, 50].

V
2

= 4 kb T <{Zω
eff}BW (1.1)

where kb is the Boltzmann constant, BW is the receiver bandwidth and T is the

absolute temperature. <{Zω
eff} is the real part of the effective electrical impedance

seen by the preamplifier at a certain frequency ω (see Figure 1.3). Generally, the

(Larmor) frequency and bandwidth of the measurement are known. Thus, the only

sample-specific parameters that influence the thermal noise are the temperature of

the (conductive) sample and the real part of the effective impedance.

The effective impedance consists of the coil impedance and all other electronic impedances

(e.g. matching circuitry) present in the receive setup before the preamplifier (see Fig-

ure 1.3). Nevertheless, the coil impedance is usually the most important component

of the effective impedance. The real part of this coil impedance in turn is dominated

by the body resistance for typical MRI systems [51], with operating frequencies higher

than 21 MHz (i.e. 0.5T static magnetic field strength for protons).

Z
e�

ω
Z
coil

ω

Z
elec

ω

R{Z
coil
}~R

sample

ω

Figure 1.3: A schematic representation of the receive setup at a certain frequency ω, where
the coil and other electric impedances are shown. A component of the electronic impedance
(Zω

elec) could be the matching circuitry.

Reciprocal description

Above the thermal noise was described in receive setting, where the noise voltage

induced in an RF coil is generated by a combination of the individual electromag-

netic fields of a multitude of thermally agitated charge carriers spatially distributed

throughout the whole sample. An electromagnetically equivalent, and much easier

situation to model, occurs when the reciprocal situation is assumed. When the RF

coil is driven in transmit by applying a sinusoidal current to it, fluctuating electro-

magnetic fields are generated. These electromagnetic fields dissipate power in the

sample through conduction currents, which can lead to tissue heating. The dissipated

8



1
General introduction

power depends on the electrical body resistance. This is the exact same electrical

body resistance that dominates the real part of the coil impedance in the description

of the thermal noise in receive setting. Hence in electromagnetic simulations, the

body resistance is typically described in a reciprocal fashion.

The effect of motion on thermal noise

The description of the thermal noise given in equation (1.1) is static. During ex-

periments on human subjects, however, the body is not static. Moreover, due to

physiological motion the real part of the effective impedance and thus thermal noise

will vary in time. In order to understand the effect of motion on the real part of the

effective impedance, we have to take a closer look at the origin of the body resistance.

Let us perform a thought experiment with a human subject and a single RF loop coil

on the chest. For this thought experiment the reciprocal description is used, which

means that a sinusoidal current is applied to the RF coil and fluctuating electro-

magnetic fields are generated in the body. As an example, imagine that our human

subject is breathing in. This means that the chest expands and the abdominal organs

are pushed down by the inflation of the lungs. As a result, the spatial dielectric prop-

erty (i.e. electrical conductivity and permittivity) distribution in the human subject

changes in time. Consequently, the electric field generated in the human subject by

the RF coil (see Figure 1.4) will change both in the spatial and temporal domain too.

This effect can be modeled by the electrical body resistance, that describes dissipated

power in the reciprocal case, as a function of the electrical conductivity (σ) of the

tissues in the body and the reciprocal electric field (E) generated by the RF coil.

Rbody(t) =
1

|I|2

∫
σ(r, t) |E(r, t)|2 dV (1.2)

where I denotes the amplitude of the sinusoidal current on the RF coil when driven

in transmit. Notice that the conductivity and reciprocal electric field have a spatial

dependency. Additionally, the body resistance, conductivity and reciprocal electric

field are all time dependent due to physiological motion.

Moving on from the single coil example, usually data is acquired simultaneously for

a multitude of closely positioned RF receive coils, i.e. a so-called receive array [52].

When thermal noise is acquired with multiple RF receive coils, there is not just a

thermal noise variance for each individual coil, as described in Equation (1.1), but
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Deflated Inflated

|E|2 [V2m-2]
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Figure 1.4: The squared absolute reciprocal electric field overlain on the conductivity maps
in deflated and inflated anatomy for a transversal slice through the center of the coil and
a sagittal slice containing the lung-liver interface. The white dots indicate the position of
the coil in the depicted slices. Notice the decreased conductivity value in the inflated lungs
with respect to deflated lungs. Additionally, note the inferior position of the liver and right
kidney in the inflated anatomy compared to the deflated anatomy.

also a thermal noise covariance exists between coils. This thermal noise covariance

depends on the position of the individual coils, within a receive array, with respect

to each other and the body. Similar to the example shown in Figure 1.4, the various

reciprocal electric fields will have a different spatial pattern depending on the position

of each coil within a receive array. Intuitively, the spatial origin of the thermal noise

covariance could be related to the region where the individual electric fields of a

coil pair overlap. This means that the thermal noise covariances are sensitive to

a particular spatial region, providing a means to selectively detect motion at that

location.
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By applying this concept to the description of the body resistance in Equation (1.2), it

can be generalized to include the noise covariance between coil i and j, by calculating

the mutual body resistance of their overlapping reciprocal electric fields in the volume

integral.

Rbodyi,j
(t) =

1

IiI∗j

∫
σ(r, t) Ei(r, t) ·E∗

j (r, t) dV (1.3)

where the asterisk represents the complex conjugate. Notice that the body resistance

becomes purely real in case of a single coil (i.e. i = j). For a combination of coils (i.e.

i 6= j), the superposition of the reciprocal electric fields of both coils will have a phase,

which results in a complex body resistance. The real part of this body resistance

describes correlated noise, whereas the imaginary part denotes the uncorrelated noise

[52].

Thermal noise measurements

As explained above, thermal noise is a stochastic process that is described by its

(co)variance similar to the Johnson-Nyquist model. In practice, however, this means

that the thermal noise (co)variance cannot be measured directly but it rather es-

timated based on the available thermal noise samples. There are essentially two

methods to acquire the thermal noise samples required for the (co)variance estima-

tion. The first, and most straightforward, is by turning off the RF excitation and

gradients during an MRI experiment (i.e. noise-only measurement). This results

in the acquisition of only thermal noise as no MR signal is generated. The second

method acquires the thermal noise samples simultaneous with the MR signal. Hence,

the MR signal and thermal noise samples need to be separated retrospectively. When

a readout strategy with linear readout is used (e.g. cartesian or radial readout), the

MR signal and thermal noise samples can be spatially disentangled by applying a 1D

Fourier transform in readout direction. The thermal noise samples can subsequently

be found at the edges of each readout (i.e. outside of the region with MR signal),

whereas the MR signal is located in the middle.

Outline of this thesis

This thesis aims to demonstrate the feasibility and applications of the noise navigator

for diagnostic MRI, MRI simulation and MRIgRT.

Chapter 2 investigates the physical relations governing the noise navigator through

numerical electromagnetic simulations on a realistic 4D digital human phantom with
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respiratory and cardiac motion. These simulations were validated with measurements

on healthy volunteers. To investigate the general applicability of the noise navigator

to tissue displacement, the relative contribution of tissue displacement versus mod-

ulation of the dielectric lung properties over the respiratory cycle was calculated.

Furthermore, the impact of the RF coil diameter and position with respect to the

body was researched. Finally, the spatial motion sensitivity of the thermal noise co-

variances was investigated by means of electromagnetic simulations of a receive array.

Chapter 3 investigates the simultaneous acquisition of MR signal and thermal noise.

Processing considerations for the noise navigator such as the effect of the available

number of thermal noise samples and combination of the noise signals acquired by

the different channels within an RF receive array are explored. Furthermore, the

implementation of a predictive Kalman filter for potential real-time use of the noise

navigator during MRI was investigated. This real-time application would allow for

prospective motion correction to reduce artefacts in the acquired MR images.

In Chapter 4, the insight from Chapter 2, that the respiratory motion imprint in the

thermal noise is stronger for a radiotherapy setup was utilized. The feasibility of the

noise navigator as respiratory surrogate signal for 4D-MRI generation was investigated

for cartesian and radial readout strategies. The respiratory-correlated 4D-MRI sorted

based on the noise navigator and conventional methods were compared. The noise

navigator is particularly attractive for this application as currently a non-interfering

self-navigation means for widely employed cartesian sequences is lacking for MRI

simulation.

Chapter 5 investigates the application of the noise navigator to a variety of motion

types for three anatomical use cases that are relevant for MRIgRT. Experiments for

the torso (bulk body movement and respiration) and head-and-neck (swallowing) were

performed on a 1.5T MRI-linac system. The motion detected by the noise navigator

was validated against fast 2D cine MR images. The feasibility of cardiac motion

detection by the noise navigator was investigated and compared with simultaneously

acquired ECG.

12
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Understanding the physical relations governing the

noise navigator

R.J.M. Navest, S. Mandija, A. Andreychenko, A.J.E. Raaijmakers, J.J.W.

Lagendijk, and C.A.T. van den Berg

Published in: Magn Reson Med 2019; doi:10.1002/mrm.27906

Abstract

Purpose: The noise navigator is a passive way to detect physiological motion occurring in

a patient through thermal noise modulations measured by standard clinical RF receive coils.

The aim is to gain a deeper understanding of the potential and applications of physiologically

induced thermal noise modulations.

Methods: Numerical electromagnetic simulations and MR measurements were performed

to investigate the relative contribution of tissue displacement versus modulation of the di-

electric lung properties over the respiratory cycle, the impact of coil diameter and position

with respect to the body. Furthermore, the spatial motion sensitivity of specific NCM ele-

ments of a receive array was investigated.

Results: The influence of dielectric lung property variations on the noise variance is neg-

ligible compared to tissue displacement. Coil size affected the thermal noise variance mod-

ulation, but the location of the coil with respect to the body had a larger impact. The

modulation depth of a 15 cm diameter stationary coil approximately 3 cm away from the

chest (i.e. radiotherapy setup) was 39.7% compared to 4.2% for a coil of the same size on the

chest, moving along with respiratory motion. A combination of particular NCM elements

creates a specific spatial sensitivity for motion.

Conclusion: The insight gained on the physical relations governing the noise navigator will

allow for optimized use and development of new applications. An optimized combination of

elements from the NCM offer new ways of performing e.g. motion tracking.
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Chapter 2

Introduction

The noise navigator is a passive way to detect physiological motion occurring in a

patient utilizing standard clinical RF receive coils [47, 53]. As the name suggests, the

noise navigator is based on thermal noise. The origins and characterization of thermal

noise has been described extensively [48, 50]. The variance of the thermal noise voltage

depends linearly on the real part of the coil impedance [54]. At frequencies above 21

MHz the body resistance dominates this real part of the coil impedance [51]. Thus,

any motion that effectively alters the body resistance, will affect the variance of the

thermal noise voltage measured by an RF receive coil.

To understand the physical relations behind the noise navigator, one should explore

the source of the measured thermal noise, i.e. the human body. The body consists

of numerous tissues with different dielectric properties (i.e. conductivity and permit-

tivity). The spatial distribution of these dielectric properties governs the observed

electric impedance of the body. This body impedance (often called bioimpedance)

has been used extensively in clinical status monitoring and diagnosis of disease in

the pulmonary [55, 56], cardiovascular [57] and circulatory systems [58, 59]. Instead

of measuring bioimpedance changes with electrodes at kHz frequencies, as is usually

done [60], it is possible to use MR coils in the RF frequency range. Here we focus on

observing changes in the body impedance caused by temporal modulations of the spa-

tial dielectric tissue property distribution due to physiological motion. These changes

in the spatial dielectric tissue property distribution are generally induced by a com-

bination of physiological tissue displacement (e.g. respiration or cardiac contraction)

and dielectric tissue property variations (e.g. in- and deflation of lungs [61, 62]).

A few physiological motion detection methods based on measuring body impedance

fluctuations with MR have been demonstrated. The pilot tone navigator [42] utilizes

a continuous wave RF signal generator with a frequency outside the frequency band

of the MR signal, but within the receiver bandwidth. Physiological motion alters

the body impedance and thus leads to modulation of this signal detected by a stan-

dard MR receive array. This method, however, requires active signal generation with

dedicated hardware and careful calibration to prevent interference with MR imag-

ing. Another active method monitors the reflected RF power of a transmit/receive

coil using a directional coupler [44, 45] or pick-up coils [46]. The fluctuations in the

body impedance modulate the mismatch (S-matrix) of the RF coil. It was shown

14
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that respiratory and cardiac motion can be detected by monitoring the reflected RF

power. Unfortunately, a directional coupler or pick-up coils are not standard in clin-

ical MR scanners and thus hardware modifications are required. Alternatively, the

noise navigator is a passive method requiring no hardware modifications or RF excita-

tion. It measures the real part of body impedance fluctuations indirectly through the

variance of the thermal noise voltage. Experimental results with the noise navigator

demonstrated that thermal noise can be used to detect respiratory motion [47].

The effect of physiological motion on thermal noise fluctuations has never been inves-

tigated to our knowledge. The Theory section concisely describes the physical origins

and relations governing the thermal noise measured by an RF receive coil in an MR

experiment and how it is affected by physiological motion. We believe that a better

comprehension of physiologically induced thermal noise modulations will uncover op-

timal design principles, potential limitations and insight for future applications of the

noise navigator for motion detection.

For a deeper understanding of the potential and applications of physiologically induced

thermal noise modulations, numerical electromagnetic simulations were performed

on a digital human phantom. In this chapter we investigated a number of specific

aspects. First of all, we investigated the relative contribution of tissue displacement

versus modulation of the lung conductivity and permittivity over the respiratory

cycle. Secondly, we explored the impact of coil diameter and position with respect

to the body. Aimed towards motion tracking applications [63], we also investigated

the relations between the various elements in the NCM of a receive array and the

sensitivity to motion in particular spatial regions.

Theory

Thermal noise detected by an RF receive coil has its origins in a fundamental physical

phenomenon, i.e. thermal agitation. The electric charge carriers in a conductor are

in thermodynamic equilibrium with the heat motion of the matter of the conductor

[48]. According to the fluctuation-dissipation theorem [49], the electrical energy of an

electric current is dissipated in a resistance and turned into thermal energy and vice

versa. In other words, thermal motion of electric charge carriers within a conductive

material (e.g. human body) causes rapid fluctuations in the density of electric charge

carriers leading to electromagnetic fields. These fluctuating electromagnetic fields

induce an electromotive force in the RF receive coil through Faraday induction (i.e.
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the same principle used for NMR signal detection). This electromotive force is the

thermal noise observed in an NMR experiment.

To calculate the noise voltage induced in an RF coil, current sources have to be

modeled throughout the whole sample (in this case human body). Subsequently,

the individual electric field responses of each source have to be integrated over the

coil. An electromagnetically equivalent, and much easier situation to model, occurs

when the reciprocal situation is assumed, i.e. when we analyze the situation when a

current source at the coil generates an electric field distribution in the sample leading

to dissipation in the conductive medium. In this way, the resistance of the Johnson

noise model [48] can be calculated. This can be generalized to include the noise

covariance between coil i and j, by calculating the mutual body resistance of their

overlapping electric fields in the volume integral (see equation (2.1)). The typical

formulation was slightly adapted to include the spatial and time dependency of the

conductivity (σ) and reciprocal electric field (E) due to effects of physiological motion

(e.g. breathing).

Rbodyi,j
(t) =

1

IiI∗j

∫
σ(r, t) Ei(r, t) ·E∗

j (r, t) dV (2.1)

where I denotes the amplitude of the sinusoidal current on the RF coil when driven

in transmit and the asterisk represents the complex conjugate. Notice that the body

resistance becomes purely real in case of a single coil (i.e. i = j). For a combination

of coils (i.e. i 6= j), the superposition of the reciprocal electric fields of both coils will

have a phase and thus results in a complex body resistance. The real part of this

body resistance describes correlated noise, whereas the imaginary part denotes the

uncorrelated noise [52].

The amplitude of the thermal noise measured on the scanner depends on the volt-

age received by the preamplifier. This voltage is determined by the real part of the

effective impedance (see Figure 2.1 A). The effective impedance Zeff in turn is a com-

bination of the coil impedance (Zcoil) and impedance of the matching circuitry. The

matching circuitry is not susceptible to motion, but the coil impedance is. Moreover,

the real part of the coil impedance is dominated by the body resistance for sufficiently

large frequencies (e.g. 21 MHz for typical MR systems [51]), i.e. <{Zcoil} ∼ Rbody.

The relationship between the real part of the effective impedance and body resistance
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can be seen from the equation in Figure 2.1 B by substitution of <{Zcoil} by Rbody.
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Figure 2.1: A schematic representation of the receive setup at a certain frequency ω, where
the coil and preamplifier are connected by a λ/4 transmission line (adapted from Brown,
et al. FIG. 2a [64]) is shown in A. Since this is an open circuit (i.e. the preamplifier
impedance viewed from the transmission line Z‘preamp = ∞), there is zero current in the
coil. Zpreamp is the input impedance of the preamplifier, which is very low. Vn represents the
emf induced in the coil by thermal agitation and Zeff is the effective impedance of the coil
and matching circuit together. How the effective impedance depends on the coil impedance
and the matching circuit used in this paper is shown in B.

The purpose of a matching circuit, in the situation sketched in Figure 2.1 A, is to

transform the impedance of the coil to the complex conjugate of the noise-match

impedance of the preamplifier. In the ideal case, where the coil impedance is equal to

the complex conjugate of the noise-match impedance, minimal preamplifier-induced

noise is generated during signal detection. There are many possible configurations

for matching circuits, and the one used throughout this paper is depicted in Figure

2.1 B. Typically, the noise-match impedance is close to but not equal to 50 Ω. It

was assumed that the noise-match impedance (Z0) is 50 Ω and through the derived

effective impedance equation (not shown here) an expression for the matching inductor

(Lm) and capacitor (Cm) was obtained.

Lm =
2Z0 ={Zω

coil}+
√

4Z2
0 ={Zω

coil}2 + 4Z0(<{Zω
coil} − Z0)(<{Zω

coil}2 + ={Zω
coil}2)

2ω(<{Zω
coil} − Z0)

(2.2)
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Cm =
<{Zω

coil}2 + ={Zω
coil}2 + 2ωLm ={Zω

coil}+ ω2L2
m

ω2Lm <{Zω
coil}2 + ω2Lm ={Zω

coil} − ω3L2
m ={Zω

coil}
(2.3)

where ω is the carrier frequency.

The mean-square of the potential fluctuation induced in an RF receive coil by thermal

agitation is proportional to the real part of the effective impedance (<{Zω
eff}) and

the absolute temperature (Tbody) of the body [48]. In principle, the spectral density is

no longer flat due to the presence of reactive components in the effective impedance.

However, if we assume that the spectral density is flat over the receive bandwidth

(i.e. maximally 1 MHz), the individual frequency components can simply be summed

resulting in equation (2.4). As thermal noise by definition is white and thus has

a mean of zero, the thermal noise variance is equal to the mean-square potential

fluctuation.

V ar(V (t)) = V
2
(t) = 4 kb Tbody <{Zω

eff (t)}BW (2.4)

where kb is the Boltzman constant and BW is the receive bandwidth [50]. The mean-

square potential fluctuation, and thus thermal noise variance, is a function of only the

frequency, effective resistance, temperature [50] and receive bandwidth. In general, it

is assumed that the absolute body temperature, frequency and receive bandwidth do

not change during an NMR experiment. Thus all thermal noise variance fluctuations

are caused by the real part of the effective impedance.

Methods

Digital human phantom

A 4D digital human phantom (male, 180 cm height and 80 kg weight) with a 2 mm

isotropic voxel size was generated using XCAT [65]. The phantom contained thirty

distinct tissues with different dielectric properties at 127.74 MHz. The heart rate

and breathing frequency were set to 60 beats per minute and 16 breaths per minute,

respectively. The maximum respiratory displacement in FH and AP was set to 3

cm [66] and 1 cm respectively. Twenty respiratory phases were simulated within one

breathing cycle (with a duration of 3.75 s). The simulated breathing cycle started and

ended in exhale position (see Figure 2.2 A). During inhalation the diaphragm moves

down (i.e. negative FH displacement) and the chest wall moves in anterior direction

until the inhaled state at 1.7 seconds is reached. During exhalation the opposite

occurs, however due to the simulated hysteresis, it takes more time to complete. The
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dielectric properties of the lungs during the breathing cycle were linearly interpolated

between the deflated and inflated values (see Figure 2.2 B). Figure 2.2 C shows the

simulated cardiac activity at each respiratory phase. The end-diastolic and end-

systolic volumes of the left ventricle were 132.2 and 50.6 ml respectively.
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Figure 2.2: The simulated respiratory displacement of the diaphragm in FH direction
(diamonds) and AP displacement (dots) in A. The used dielectric lung properties for deflated
and inflated lung were obtained from literature [67] and are shown in the table (B). C shows
the simulated cardiac motion curve at the same discrete time points as the respiratory
displacement.

Simulations

Numerical electromagnetic simulations (Sim4Life, ZMT, Zurich) were performed for

all twenty respiratory phases of the digital human phantom during a respiratory cycle.

Three different loop sizes, i.e. 10, 15 and 20 cm diameter, that are commonly used as

RF receive coils in clinical practice were simulated. All simulations were performed

at 127.74 MHz (i.e. the operating frequency of receive coils for protons at a 3 T static

magnetic field strength), and the RF coils of different sizes were all tuned to this

frequency.

For each simulation the source impedance (i.e. equivalent to the coil impedance in

receive setting) was exported per respiratory phase. However, as was explained in

the Theory section, the measured thermal noise (co)variance depends on the real part

of the effective impedance of the measurement system [64]. This effective impedance

includes both the RF receive coil and matching circuitry (see Figure 2.1 B). The effect

of the matching circuit was calculated and added retrospectively. The matching circuit

elements (i.e. capacitor Cm and inductor Lm) were calculated once using a separate

single coil simulation for all loop sizes, where the coil was loaded by a phantom

to mimic a typical matching procedure. In these simulations the loop was located

0.5 cm away from a 40x40x40 cm3 water phantom with 3.5 g/l NaCl added to it.
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Front Side Front Side Back

Moving coil Multiple coils

A B C

Front Side

Stationary coil

Figure 2.3: The simulated body model with a 15 cm loop coil (depicted in black) in multiple
positions. The single coil setup is shown for a moving (A) and stationary coil (B). In C the
setup with multiple coils is shown.

This corresponded to a 0.56 S/m conductivity and 84.6 permittivity for the phantom

used for matching. The matching inductor and capacitor values were calculated by

equation (2.2) and (2.3) respectively. The calculated matching inductor values were

96.8, 98.5, 98.0 nH for a 10, 15 and 20 cm loop diameter respectively. Additionally,

the calculated matching capacitor values were 13.0, 13.8, 12.7 pF for a 10, 15 and 20

cm loop diameter respectively.

The effective resistance (i.e. real part of the effective impedance) was calculated by

Rω
eff = <{Zω

eff} =
ω2L2

m <{Zω
coil}

<{Zω
coil}2 + ={Zω

coil}2 + 2ωLm + ω2L2
m

(2.5)

The simulated effective resistance and measured thermal noise (co)variance cannot be

directly compared, because of a scaling factor (i.e. 4 kb Tbody BW ). Hence, both the

effective resistance and thermal noise variance signals were divided by their median

for comparison between simulations and measurements. Subsequently, the normalized

signals were demeaned and multiplied with 100% to obtain the modulation with re-

spect to the median. For quantitative comparison between different simulation setups

and measurements, the modulation depth was defined as three times the standard de-

viation of this modulation.

To investigate the spatial origins of the thermal noise (co)variance, the simulated

electric (E) and current density (J) fields were exported for each respiratory phase.
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Where the current density was defined as J = σE. The E and J fields were used

to calculate differential body resistance maps (see equation(2.6)) through a slightly

modified version of equation (2.1). The impact of the matching network was ignored

as we were only interested in the spatial origins of the thermal noise covariances.

dRbodyi,j
(r, t) = <{ 1

IiI∗j
Ji(r, t) ·E∗

j (r, t) ∆V } (2.6)

Only the real part was taken into account, because this represents the correlated

noise.

Single coil: dielectric lung property variations The contribution of tissue dis-

placement and dielectric lung property variations on the effective resistance during

a breathing cycle was investigated separately by means of simulations of a single 15

cm loop coil on the middle of the chest (see Figure 2.3 A). This loop coil was moving

along with respiratory motion at a fixed distance of 1 cm with respect to the chest

to negate potential effective resistance fluctuations due to variations in the distance

between the coil and chest. The simulations were performed three times i.e. with lin-

early changing, constant deflated and inflated dielectric lung properties. The linearly

changing dielectric lung properties approximate a realistic in-vivo case. The simula-

tions with constant lung properties effectively only contain tissue displacement. For

each of these three, the effective resistance was calculated using equation (2.5).

Single coil: moving and stationary coil The contribution of a constant and vary-

ing distance between the coil and the body was investigated through two experiments

with a single coil. Similar to the previous setup a single loop coil on the middle of

the chest (see Figure 2.3 A) with a constant 1 cm distance to the chest was used (i.e.

moving coil). The second experiment was performed with a stationary coil located

3 cm away from the middle of the chest at mid-ventilation (see Figure 2.3 B). As

this coil is stationary, the chest wall moves towards it during inhalation and away

from it during exhalation. For these experiments both the effective resistance (see

equation (2.5)) and differential body resistance maps (see equation (2.6)) were cal-

culated. Additionally, the difference between the differential body resistance maps

at inflated and deflated respiratory phases was calculated. For this purpose, non-

rigid registration was applied to the inflated differential body resistance map (using

the available deformation vector fields from XCAT) to transform it to the deflated
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anatomy. Subsequently, the difference between the inflated and deflated maps was

calculated to see which regions contributed most to the physiologically induced body

resistance variations.

Multiple coils The mutual effective resistance governs the noise correlation between

coils and is characterized in practice by computing the NCM from thermal noise

samples acquired by multiple coils. To investigate the effect of respiratory and cardiac

motion on the (mutual) effective resistance, simulations were performed with four

coils. All combinations of the three coils on the chest moving along with respiratory

motion and a stationary coil on the back (see Figure 2.3 C) were simulated. For these

four coils, multi-port simulations were performed where each coil was terminated

with a matched source impedance. The mutual effective resistance was calculated by

substituting the real and imaginary part of the body resistance in equation (2.5). The

differential (mutual) body resistance maps were calculated through equation (2.6).

MRI measurements

Experiments were performed on a clinical 3T MR scanner (Ingenia, Philips Health-

care, Best, the Netherlands) on three healthy volunteers, resembling the digital human

phantom, with a mean height and weight of 181 cm and 75 kg respectively. Signal

was collected with a 15 cm diameter loop coil, which was placed on the simulated

positions (see Figure 2.3). Prior to the measurements, the volunteer signed a written

informed consent, approved by the institutional review board. A Cartesian balanced

2D GRE sequence (2.1 ms TR, 1120 samples per readout (1 MHz BW) and 86 read-

outs per dynamic) was used to collect the experimental data continuously with 181

ms per dynamic (i.e. similar to the temporal resolution of the simulations). The

gradients and RF were both turned off during the entire MR sequence to ensure that

only thermal noise was collected. The thermal noise variance was estimated over all

noise samples acquired during a dynamic. During the experiments, the volunteer was

breathing freely. The respiratory bellows signal [31, 32] was recorded during data

acquisition to serve as an external reference based on which a single breathing cycle

was selected (as was simulated).

Results

Single coil: dielectric lung property variations In the simulations with constant

deflated or inflated dielectric lung properties the effective resistance was only mod-

ulated by tissue displacement due to physiological motion. The effective resistance
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curve for constant inflated and deflated lung properties showed similar behavior (see

Figure 2.4). There is, however an mean offset of 0.2 Ω between the two. This means

that the lower dielectric properties of inflated lung yield a slightly higher effective

resistance compared to deflated lung.
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Figure 2.4: The effective resistance simulated for a 15 cm loop coil on the chest moving
along with respiratory motion during the respiratory cycle with changing (blue), deflated
(black) and inflated (cyan) dielectric lung properties assigned to the lung. The vertical
magenta lines at the bottom indicate systole of the heart.

The effective resistance from simulations with linearly changing lung properties was

affected by both tissue displacement and dielectric lung property variations. Notice

that the effective resistance for changing dielectric lung properties is always in between

the deflated and inflated curves.

The effective resistance modulation depth was 4.2, 4.9 and 4.6% for linearly changing,

constant deflated and inflated dielectric lung properties respectively. The changing

lung properties curve had the lowest modulation depth. Thus the effects of tissue

displacement and dielectric lung property variations counter each other. Apart from

their differences, note that all three curves were not as smooth as the simulated

respiratory motion curve shown in Figure 2.2 A. Most likely, the additional peaks in

the effective resistance over the respiration cycle, can be attributed to cardiac motion

as they closely coincided with systole (indicated by the vertical magenta lines).

Single coil: moving and stationary coil Figure 2.5 shows the modulation of the

simulated effective resistance and measured thermal noise variance for a stationary

and moving coil setup. The simulations were performed for three different coil sizes
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for both setups, whereas the measurements were performed with a 15 cm diameter

loop coil. In the stationary coil setup (Figure 2.5 A), the simulated modulation depth

decreased with increasing coil diameter i.e. 50.1, 39.7 and 33.6% for 10, 15 and 20

cm respectively. Compared to a stationary coil, it should be noted that the resistance

modulation was approximately ten times lower for the moving coil setup (Figure 2.5

B). Additionally, the modulation depth increased with increasing coil diameter, i.e.

3.5, 4.2 and 5.3% for 10, 15 and 20 cm diameter coils respectively. Notice that the

effective resistance curves are much smoother for the stationary coil compared to the

moving coil. Most likely the peaks on top of the moving coil effective resistance were

caused by cardiac activity as they approximately coincide with systole of the heart.

This effect of cardiac motion was lower for a larger coil diameter.
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Figure 2.5: The effective resistance modulation as a function of the respiratory phase for a
coil that is stationary (A and C) or moving along with the chest (B and D). The upper row
shows simulated data from the digital human phantom for three different coil sizes, whereas
in the bottom representative data measured on a volunteer is depicted. The volunteer data
was recorded with a 15 cm diameter loop coil (blue) and the reference respiratory bellows
signal is shown in red for the stationary (C) and moving (D) coil setup.

The mean measured modulation depth for the stationary coil setup (i.e. 38.3%) was

comparable to the simulated modulation depth (i.e. 39.7%). The measured and
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simulated modulation depths for the moving coil setup agreed too, with 3.2 and 4.2%

respectively. Note that both the simulated effective resistance and measured thermal

noise variance increased with inhalation for the stationary coil, whereas they both

decreased with inhalation for the moving coil.

To investigate the origin of this opposite behavior between a stationary and moving

coil during the respiratory cycle (see Figure 2.5), differential body resistance maps

were calculated and overlaid on the conductivity maps (see Figure 2.6). The conduc-

tivity map mainly served as an anatomical reference, but also depicts the conductivity

changes in the lungs. Notice that the scale is logarithmic and thus the differential

body resistance amplitude decayed rapidly with distance from the coil. Nevertheless,

a relatively large part of the body contributed significantly to the body resistance.

For the stationary coil, the volume integral over the differential body resistance was

higher for inflated (Figure 2.6 B and E) than deflated (Figure 2.6 A and D) phase. This

can be visually best appreciated in the high intensity region close to the surface of the

body where the coil was located. The differences in deflated and inflated differential

body resistance maps were more clearly depicted in the difference maps (Figure 2.6

C and F), where the differential body resistance clearly increased with inhalation at

the surface. For the moving coil setup the opposite behavior was seen in Figure 2.6

G, H, J and K. During the deflated respiratory phase the highest differential body

resistance was observed. In the difference maps (Figure 2.6 I and L), the same high

intensity pattern at the surface as for the stationary coil was observed. However,

there was an additional decrease deeper within the body.

Multiple coils Figure 2.7 shows the modulation of the simulated effective resistance

and measured thermal noise variance of a coil on the left, middle and right of the chest

and the back. The simulations were performed for coils with a diameter of 10, 15 and

20 cm. Notice the smoothness of the effective resistance modulation of the back

coil (see Figure 2.7 D). As this coil was located relatively far away from the heart

compared to the three coils on the chest (see Figure 2.3 C), it was most likely only

susceptible to respiratory motion. The thermal noise variance modulation of a 15 cm

diameter loop coil located at a similar position as the simulations was comparable to

the simulated modulation for all setups.

The simulated and measured modulation depths are shown in Table 2.1. For the in-

dividual volunteer MRI measurement results see Supplementary material 2.1. Notice
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Figure 2.6: The differential body resistance maps overlaid on the conductivity of the body.
The upper half shows the maps at deflated (A and D) and inflated (B and E) respiratory
phases for a stationary coil approximately 3 cm away from the body. The lower half shows
this for a coil moving along with respiratory motion (G, H, J and K). The difference between
the inflated and deflated differential body resistance is shown in the right column (C, F, I
and L). For clearer visualization, the overlay only shows the differential body resistance with
an absolute value above 1 µΩ and a logarithmic scale was used.

that the simulated modulation depth decreased with coil size for a coil on the left and

right of the chest, similar to the stationary coil. The modulation depth of a coil on the

middle of the chest or back increased with increasing coil size. The main difference

between these sets of coils was their position with respect to the body. The position

of these loops (indicated by white dots) with respect to the body can be seen on the
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Figure 2.7: The effective resistance modulation as a function of the respiratory phase for a
coil on the left (A), middle (B) and right (C) of the chest and middle of the back (D) for a
10, 15 and 20 cm diameter loop coil is shown in the upper row. The vertical magenta lines
indicate cardiac systole. The bottom row shows the corresponding representative measured
thermal noise variance modulation for a 15 cm diameter coil in the same positions (E, F, G
and H). The respiratory bellows serves as an external reference for breathing

diagonal of Figure 2.8. For a coil on the middle of the chest or back, the full loop

was close to the body. Part of the loop on the left and right of the chest was located

further from the body as they did not curve with the body outline.

Table 2.1: The modulation depth (in %) of the simulated effective resistance and mean
measured thermal noise variance induced in a loop coil caused by physiological motion. In
brackets after the mean measured modulation depth the standard deviation is reported.

Coil diameter Left chest Middle chest Right chest Middle back Stationary coil

10 cm (simulation) 7.7 3.5 6.8 1.6 50.1

15 cm (simulation) 5.6 4.2 5.8 2.9 39.7

20 cm (simulation) 4.5 5.3 5.1 3.6 33.6

15 cm (measurement) 5.7 (1.1) 3.2 (0.8) 6.1 (1.3) 1.8 (0.5) 38.3 (4.6)

The differential body resistance maps of a transverse slice through the heart are shown

on the diagonal of the body resistance matrix (see Figure 2.8 A, E, H and J). The

highest differential body resistance intensity was observed close to the coil. On the

off-diagonal of Figure 2.8, the differential mutual body resistance maps of the same

slice are depicted. Notice that the mutual body resistance was approximately ten

times larger for a left or right coil in combination with the middle coil (see Figure 2.8

B and F) compared to any combination of a coil on the back and chest (see Figure 2.8
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Figure 2.8: The differential (mutual) body resistance maps induced at mid-ventilation by
the interaction of four 15 cm loop coils. The white dots indicate the location of the coil. For
clearer visualization, the overlay only shows the differential body resistance with an absolute
value above 1 µΩ and a logarithmic scale was used.

D, G and I). The spatial patterns of the mutual body resistance maps resembled the

overlay of the high intensity regions of the differential body resistance maps of the

individual coils. Hence, each differential mutual body resistance map had a distinct

spatial pattern different from the pattern of the individual coils.

The mutual effective resistance calculated from the mutual body resistance over a

single respiratory cycle is shown in Figure 2.9. Where the effective resistance of the

individual coils was modulated by respiratory motion for all coils (see Figure 2.7)

, this was not obvious for the mutual effective resistance. The modulation depth

was 5.9, 11.6, 5.2, 6.5, 2.1, and 6.3% for the mutual body resistance between middle-

left, left-right, back-left, middle-right, back-middle and back-right respectively. These

modulation depth values were similar to the single coil case. The respiratory motion
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curve could only be observed for a left-right coil combination. The respiratory compo-

nent seemed suppressed in the mutual effective resistance with respect to the cardiac

component for a left-middle and right-middle coil combination.
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Figure 2.9: The mutual body resistance modulation of two coils as a function of respiratory
phase. The vertical magenta lines indicate systole of the heart.

Discussion

For a deeper understanding of the potential and applications of physiologically induced

thermal noise modulations, numerical electromagnetic simulations were performed on

a digital human phantom. A number of specific aspects were investigated.

First of all, it was discovered that lung conductivity and permittivity variations over

the respiratory cycle have a negligible contribution to the effective resistance of a

coil compared to tissue displacement (see Figure 2.4). This is an important find-

ing for motion tracking applications based on the noise navigator [63] as it can be

concluded that predominantly tissue displacement modulated the measured thermal

noise (co)variances. Additionally aimed towards motion tracking applications, we

also investigated the relations between the various NCM elements and their spatial

motion sensitivity. Different elements of the NCM have distinct spatial sensitivity

patterns (see Figure 2.8). This means that these elements are sensitive to motion

in different regions of the body. This could be exploited in dense receiver arrays to
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create a specific spatial sensitivity, e.g. be only sensitive to a particular region of the

lung or heart.

Secondly, it was observed that the coil size had an effect on the detected effective

resistance modulation depth due to physiological motion. It was even observed that

a 20 cm diameter coil was most sensitive to respiration, whereas a 10 cm diameter

coil was more susceptible to cardiac motion while on the middle of the chest (see

Figure 2.7 B). This effect of coil size, however, depends strongly on the position of

the coil with respect to the body. An illustrative example is the comparison between

a coil on the chest moving along with respiratory motion (Figure 2.5 B) and a sta-

tionary coil (Figure 2.5 A). The stationary coil does not show any cardiac motion,

solely respiration, for all simulated coil sizes. Additionally, the modulation depth

was approximately ten times larger. Both effects were caused by the fact that the

stationary coil is only sensitive to superficial motion of the chest wall (see Figure 2.6

C and F). At deflated phase the coil was 2.67 cm away from the chest, whereas at

inflated phase the distance between the chest and coil was 3.32 cm. Compared to this

alteration in distance between the body and coil, the contribution of internal tissue

displacement to the effective resistance was negligible. For the stationary coil setup

both simulated and measured data increased during inflation and decreased during

deflation (see Figure 2.5 A and C), like the input AP respiratory displacement curve

(see Figure 2.2 A) and respiratory bellows. The moving coil setup, however, is mainly

sensitive to regions deeper within the body (see Figure 2.6 I and L). Moreover, the

effective resistance of a moving coil (see Figure 2.5 B and D) resembles the input FH

respiratory displacement curve (see Figure 2.2 A) and thus decreased during inflation

and increased during deflation.

From Figure 2.5 B it was seen that the effective resistance of a moving coil was mod-

ulated by both respiratory and cardiac motion. The thermal noise variance measured

with a 15 cm diameter moving loop coil (see Figure 2.5 D), however, only showed

respiratory modulation. The estimation of the thermal noise variance is based on

statistics and thus more noise samples included in the calculation lead to a more ac-

curate variance estimation. In this specific case all noise samples within a dynamic

(i.e. 181 ms) were used to calculate the variance. The relatively low temporal res-

olution with respect to the duration of the cardiac cycle means that inadvertently

noise samples were averaged over a time period in which the heart shows considerable
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motion. Thus leading to smoothing. This smoothing effect is absent in the simula-

tions, as they depict snapshots of the effective resistance and the stochastic nature

of thermal noise is not present. In practice, for the measurements to match the sim-

ulations, it would be required to acquire an infinite amount of noise samples (for a

perfect thermal noise variance estimation) instantly. An optimal trade-off between

the variance estimation accuracy and temporal resolution has to be found in order

to detect cardiac motion. We believe this is possible as cardiac motion detection has

already been shown with the reflected power method [44]. For breathing this trade-off

is not such a large problem, since the time scale on which respiratory motion occurs

is significantly larger than for cardiac motion.

As a matching circuit was not present in the simulation, it was added retrospec-

tively. The used matching circuit was chosen, because it matched the real part of the

impedance exactly to 50 Ω with a relatively small imaginary part. Furthermore, the

modulation depth of the simulated effective resistance (i.e. including the matching

circuit) and measured thermal noise variance was comparable for all setups (see Table

2.1). For additional, independent measurements validating the simulations on four

more volunteers see Supplementary material 2.2.

The noise navigator is a passive method requiring no hardware modifications or RF

excitation. Moreover, it is compatible with any MR image contrast and most readout

strategies. For details on the incorporation of the noise navigator in an imaging

sequence, the reader is referred to [53]. In summary, the thermal noise variance is

calculated over the proton-free area per readout line, after spatially disentangling the

MR signal and noise by a 1D Fourier transform. To ensure sufficient thermal noise

samples oversampling is increased (i.e. equivalent to increasing the FOV in image

space). This does not affect the SNR as the number of samples in readout scales

linearly with the increase in BW [68].

In the end, the optimal setup depends strongly on the desired motion to be measured.

For respiratory motion detection a relatively small coil (i.e. 10 cm diameter) at a 3 cm

distance away from the chest at mid-ventilation had the highest modulation depth

(see Figure 2.5 A). This setup, however, is dominated by the respiratory induced

chest motion (see Figure 2.6 C and F). If respiratory motion of the internal tissues

is of interest, then it would be better to have a larger coil (e.g. 20 cm diameter) on

the chest moving along with the chest. Assuming enough samples could be acquired
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within a sufficiently short time period for cardiac motion detection, the thermal noise

covariance elements could be useful. As was observed in Figure 2.9 middle-left and

middle-right, the imprint of respiratory motion in the noise covariance elements was

suppressed and cardiac motion was more pronounced. Through an optimized combi-

nation of receive coils in a dense receive array, the spatial sensitivity to motion can

be controlled. This offers new ways to perform motion tracking using the elements of

the NCM [63]

Conclusion

Simulations and measurements were performed to investigate the effective resistance

modulation induced by physiological motion. The largest contribution to the effective

resistance originates from superficial structures (mainly muscle and skin) close to the

coil. However, motion induced changes in the effective resistance mainly originate

from deeper regions in the body. Through the mutual effective resistance modulation

between two coils it becomes possible to suppress certain motion (e.g. breathing) and

create a spatial selectivity to a particular regions (e.g. the heart). This phenomenon

will be further investigated for applications as a surrogate for motion models.
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2.1 Supplementary material

The thermal noise variance modulation depth measured over the respiratory cycle for

all three volunteers for all five coil positions is shown in Table 2.2. The mean thermal

noise variance modulation depth over all three volunteers agrees with the simulated

effective resistance values.

Table 2.2: The simulated effective resistance and measured thermal noise variance modu-
lation depth (in %) for a 15 cm diameter loop coil on different positions with respect to the
body.

15 cm coil
diameter

left chest
(%)

middle chest
(%)

right chest
(%)

middle back
(%)

stationary
coil (%)

Simulation 5.6 4.2 5.8 2.9 39.7

Volunteer 1 5.2 3.5 6.2 2.4 39.5

Volunteer 2 4.9 3.8 7.3 1.4 33.2

Volunteer 3 7.0 2.2 4.8 1.5 42.2

Volunteer
mean (SD)

5.7 (1.1) 3.2 (0.8) 6.1 (1.3) 1.8 (0.5) 38.3 (4.6)
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The measured thermal noise variance curves as a function of the respiratory cycle of

the two volunteers that were not shown in the main text of the chapter are depicted

in Figure 2.10.
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Figure 2.10: The thermal noise variance modulation over the respiratory cycle at multiple
positions for a single coil. The upper and bottom row show volunteer 2 and 3, respectively.
The red dashed line is the respiratory bellows signal, whereas the blue solid line indicates
the thermal noise variance.
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2.2 Supplementary material

As the simulated effective resistance cannot directly be observed at an MRI scanner,

but only through the thermal noise variance, additional measurements were performed

to validated the simulations. Breathing experiments on four healthy volunteers were

performed with a custom built 10 cm diameter loop coil (including matching circuitry)

and a network analyzer. With a network analyzer the reflection coefficient of the coil

was measured at 128 MHz outside the MRI scanner. Note that this measurement is

an active measurement, identical to the simulation setup. The noise measurements

on an MRI scanner represent the electromagnetic reciprocal case and the breathing

induced modulation in the real part of the effective impedance Zeff (i.e. Reff ) will

be the same. The only difference is the measurement principle of Zeff .

From the measured reflection coefficient (Γ), the real part of the effective impedance

(i.e. effective resistance) could directly be calculated.

Reff =
1− Γ2

r − Γ2
i

1 + Γ2
r − 2Γr + Γ2

i

Z0

where the subscripts r and i indicate the real and imaginary part of the reflection

coefficient, respectively. Z0 is the reference impedance, this was equal to 50 Ω for the

performed measurements.

In Table 2.3, the measured effective resistance modulation depths of the four subjects

are shown. The mean over all volunteers (bottom row) is in line with the simulations

(second row).

Table 2.3: The simulated and measured effective resistance modulation depth (in %). The
mean effective resistance modulation depth agrees with the simulated values.

10 cm coil
diameter

left chest
(%)

middle chest
(%)

right chest
(%)

middle back
(%)

stationary
coil (%)

Simulation 7.7 3.5 6.8 1.6 50.1

Volunteer 1 7.2 4.3 6.7 2.5 50.2

Volunteer 2 8.6 3.1 6.4 2.8 42.1

Volunteer 3 9.1 2.4 6.2 1.4 43.1

Volunteer 4 8.1 3.2 7.0 1.5 46.2

Volunteer
mean (SD)

8.2 (0.8) 3.4 (1.1) 6.6 (0.4) 2.0 (0.7) 45.4 (3.7)

The measured effective resistance as a function of the respiratory cycle for volunteer
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1 is shown in Figure 2.11.

39

40

41

42

43

E
ff

e
ct

iv
e

 r
e

si
st

a
n

ce
 [

Ω
]

left chest

Time [s]

-6

-4

-2

0

2

4

6

E
ff

e
ct

iv
e

 r
e

si
st

a
n

ce
 [

%
]

33.5

34

34.5

35

35.5
middle chest

Time [s]

-6

-4

-2

0

2

4

6

29

29.5

30

30.5

31

31.5

32
right chest

Time [s]

-6

-4

-2

0

2

4

6

35.2

35.4

35.6

35.8

36

36.2

36.4

36.6
middle back

Time [s]

-6

-4

-2

0

2

4

6

18

20

22

24

26

28

30

32
static chest

Time [s]

-30

-20

-10

0

10

20

30

2 4 6 2 4 6

2 4 6 2 4 6

2 4 6

2 4 6

1 2 3

1 2 3

2 3 4 5

2 3 4 5
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ulation (bottom row) measured with a network analyzer for a representative volunteer.
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Abstract

Passive monitoring of the thermal noise variances of the channels of a receive array was shown

to reveal respiratory motion of the underlying anatomy, a so called noise navigator. There is,

however, an inevitable trade off between the accuracy and temporal resolution of the noise

navigator due to its passive nature. A temporal filter has to be added to the noise navigator

to accurately reveal respiration and retain temporal resolution. For real-time applications of

the noise navigator e.g. prospective motion correction or motion tracking, the added filter

must be prospective. Thus a prospective Kalman filter was designed to predict respiration

from the noise navigator without a temporal delay. The performance of the noise navigator

enhanced by this prospective Kalman filter was explored and the robustness of the proposed

method was assessed on healthy volunteers. The respiratory signal could be measured by

the noise navigator independent of MR acquisition. The calculated respiratory signal was

qualitatively compared to the respiratory bellows. Additionally, a strong linear relationship

was found between the prospective noise navigator and a quantitative 2D image navigator

for measurements including free and tasked breathing.
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Introduction

Recently, the feasibility of respiration detection was demonstrated by passively mon-

itoring the thermal noise variance of the channels of a local RF receive array used for

MRI signal detection [47]. To understand the so called noise navigator, the physics

behind thermal noise detection will be described briefly. The Johnson-Nyquist model

[48, 50] describes potential fluctuations generated at the coil‘s terminal by thermally

agitated charge carriers (i.e. thermal noise). The thermal noise variance depends lin-

early on the effective resistance, which describes the coupling of the electromagnetic

fields induced by the thermally agitated charge carriers to the coil. At frequencies

used in MRI at magnetic field strengths above 0.5 T, the effective resistance is dom-

inated by the body resistance [51]. This body resistance depends on the spatial

conductivity distribution of the tissue, spatially weighted by the electric fields of the

receive coil. Since respiration alters the spatial conductivity distribution within the

patient‘s body, fluctuations in the thermal noise variance can serve as a respiratory

surrogate. The fact that no additional hardware is required for the noise naviga-

tor is a benefit compared to one of the most commonly used respiratory surrogates

in MRI, the respiratory bellows [31, 32]. Additionally, the bellows only indirectly

measures respiratory induced internal organ motion through the AP displacement

of the abdominal surface. As a consequence the separate sensor has to be carefully

positioned and strapped to the patient to yield a reliable signal. The pencil-beam

MR navigator [37], on the other hand, harnesses the imaging capabilities of the MR

scanner to track internal displacement of the diaphragm due to respiration. This

makes the MR navigator more accurate than the respiratory bellows and allows for

quantitative respiratory motion amplitude calculation. Nevertheless, this MR based

method interferes with other MRI acquisitions. Steady state sequences can be dis-

rupted and saturation effects can be induced, leading to artifacts in MR images. The

noise navigator on the other hand is passive and thus cannot interfere with MR ac-

quisition, unlike the MR navigator. Alternative respiration detection methods are

being explored that do not suffer from the drawbacks presented by the respiratory

bellows and MR navigator. The self-navigation method [69, 70] is contact free and

has the same benefits as the MR navigator, but involves frequent monitoring of the

MR signal in the k-space center. Therefore, the self-navigation method is best suited

for non-cartesian sampling schemes. Currently though, the majority of clinical MR
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sequences use cartesian sampling and thus applications for self-navigation are limited.

The pilot tone navigator employs a small RF transmit antenna within the Faraday

cage of the scanner room [42]. This antenna sends out an RF signal outside the MR

signal bandwidth, but within the receive bandwidth of the receive array. The coupling

of this RF signal to the receivers is modulated by breathing. Similar to the thermal

noise variance, the pilot tone navigator is inherently synchronized with MR acquisi-

tion and does not interfere with MRI. A drawback is, however, that the pilot tone

navigator requires additional hardware installations and careful choice of transmit

frequency in order not to interfere with the MR signal. The noise navigator signal, on

the other hand, originates from a passive process and does not require active signal

generation by additional hardware and is also inherently synchronized with MR data

acquisition. Contrary to all previously mentioned respiration detection methods, the

noise navigator is based on a statistical process. Inclusion of more noise samples

will reduce the statistical uncertainty of the variance estimation and thus reveal the

respiratory imprint more clearly. The moving average filter used in the initial work

[47], computed the noise variance over the thermal noise samples of multiple readout

lines. However, such a moving average filter, induces a time lag of half the window

length. This lag is not an issue for retrospective applications, but is unacceptable for

prospective purposes. Potential applications of a prospective noise navigator are e.g.

prospective motion correction for MRI or tracking during treatment on an MRI-linac

system [71, 72]. Prospective applications typically require a minimum latency for

acquisition and processing. These latencies can be minimized by e.g. Kalman filters

[73], which are widely used for real-time filtering in many different fields, including

MRI [74]. Based on a model that describes the underlying dynamic structure in the

data and all previously acquired measurements, a Kalman filter predicts the filtered

value at the time of the next measurement. Hence, the acquisition and processing la-

tency can be eliminated by a joint filtering and prediction. Therefore a Kalman filter

was designed that could estimate the respiratory signal from the noise navigator with

minimal latency. The main goal of this chapter was to explore the prospective per-

formance of the noise navigator and to assess the robustness of the proposed method

on a total of 105 MR measurements of ten healthy volunteers. The prospective and

retrospective noise navigator performances were compared to well-established motion

detection methodologies for MRI.
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Methods

Prospective Kalman model

For details and a mathematical description of the designed Kalman filter see Sup-

plementary material 3.1. The noise navigator can be seen as a noisy observation of

respiration. In principle, the designed Kalman filter predicts the respiratory signal at

the time of the next observation based on the thermal noise variances measured by

the receive array up until the current time point. For prediction, a model is required

that describes the respiratory induced thermal noise modulation over time and is lin-

ear or linearizable. Thus a sine wave model with amplitude A and frequency ω was

chosen. A sine wave can be linearized by expressing it as a function of its second

derivative. The three parameters used by the model are the breathing frequency (ω),

the respiratory signal (x) and its temporal derivative (ẋ). After prediction (based

on the model), the noise navigator will be measured and the prediction will be cor-

rected with that observation. The resulting corrected respiratory signal will be used

to make the next prediction. This loop of prediction and correction will continue until

the measurement is finished. Of course, an initial guess is required to initialize the

first prediction. At the time of the first observation, both the respiratory signal (x)

and its derivative (ẋ) are assumed to be zero. The breathing frequency was assumed

to be 0.23 Hz (i.e. 14 breath/min). These initial guesses were used for all volunteers.

MR experiments

Experiments on ten healthy volunteers were performed on a clinical 1.5T MR scanner

(Ingenia, Philips Healthcare, Best, The Netherlands). Four volunteers were male and

six female, their age ranged from 24 to 51 years. Prior to the measurements, all

volunteers signed a written informed consent approved by the institutional review

board. Signal was collected using a 16 channel anterior array and a 12 channel

posterior array integrated in the scanner table. Both arrays consisted of overlapping

loop coils and the analog signal was digitized after pre-amplification by ADCs that are

integrated in the receive array. The receive arrays were centered on the diaphragm

and covered both the thorax and abdomen of the volunteers. All MR acquisitions

had a maximum FOV and four times oversampling in readout direction to ensure a

maximum amount of thermal noise samples for variance calculation. An increased

FOV with identical readout gradient and voxel size does not affect the SNR [68], scan
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time or other MR acquisition parameters. The reason that acquisition parameters

are not affected is the fact that the MR scanner usually does not use its maximum

sampling capacity. During the experiments, the volunteers were either free breathing

or performing breathing tasks. Tasked breathing involved in- and exhaled breath

holds combined with regular respiration. SE and GRE sequences were used to test

the noise navigator. A clinically used TSE sequence (single-shot, 60 transversal slices,

90◦ FA, TE = 92 ms, TR = 625 ms, TSE turbo factor = 79, SENSE = 2, halfscan

= 0.635, 2240 points per readout, voxel size = 1 mm2, and slice thickness 3.5 mm)

was acquired during 44 seconds of free breathing. In order to evaluate the noise

navigator performance compared to image based respiratory motion detection, a cine

MR acquisition was chosen for the GRE sequence. One hundred twenty 2D balanced

GRE cine MR frames centered on the diaphragm were continuously collected during

tasked and free breathing with 461, 845, and 463 ms acquisition time for each frame

in sagittal, coronal and transversal slice orientation respectively. This acquisition

was sufficiently fast to resolve respiratory motion. The readout direction was FH

for sagittal and coronal slices or LR for transversal slices. All GRE acquisitions had

a 50◦ FA, TE = 1.36 ms, TR = 2.9 ms, 1120 points per readout, voxel size = 2

mm2, and slice thickness = 7 mm. Additionally, the GRE sequence was repeated

with the gradients and RF excitation turned off (i.e. noise-only) to assess the noise

navigator performance without the presence of MR signal. The respiratory bellows

signal was recorded during MR data acquisition to serve as an external reference.

During positioning of the bellows, the volunteers were asked to breath in deeply and

the bellows was subsequently strapped onto the spot with most amplitude difference

before placing the anterior part of the receive array on top.

Processing

All preprocessing was done in the reconstruction software of the MR scanner. Ac-

quired k-space lines were processed in chronological order (i.e. order of acquisition) to

ensure a consistent time signal. After hardware corrections (i.e. ADC non-linearity,

random phase and readout line dependent amplification correction), the noise vari-

ance was calculated over each k-space line for all the receive channels separately. A

schematic representation of the applied preprocessing is shown in Fig. 3.1 (full k-

space was depicted for better visualization). Each measured sample of a k-space line

contained a mix of both MR signal and noise. After the 1D Fourier transform over
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each readout, the samples content in hybrid space depended on spatial location and

thus was either a mix of MR signal and thermal noise or just thermal noise. The

noise variance was subsequently calculated in the hybrid space domain over the MR

signal free region of the Fourier transformed k-space line (i.e. 380 samples at the

edges), which were complex valued. The 380 samples was based on the 2 mm voxel

size in readout direction and thus corresponds to 760 mm at the edges. This means

that the MR signal is only present in 2240 mm (i.e. 560 mm FOV multiplied by four

times oversampling) minus two times 760 mm at the edges, which corresponds to 720

mm. The coil sensitivity maps were calculated for all used receive channels and the

sensitivity was negligible for each at a distance of 360 mm away from the isocenter.

The thermal noise variance was defined as the variance of the real part of the thermal

noise samples summed with the variance of the imaginary part.

The variance of the thermal noise signal for each channel obtained from preprocessing,

was retrospectively processed and evaluated in Matlab (The MathWorks, Inc., Natick,

Massachusetts, United States). The individual channel signals were normalized and

linearly combined by a weighted summation. This normalization, to eliminate scaling

differences (due to e.g. different receiver gains) between channel samples, was done

by means of division by the median for each channel. Both the median per channel

and the channel combination weights were calculated from a training measurement

(see below). The resulting combined data points served as the input of the Kalman

filter, which was developed to prospectively extract respiratory induced noise variance

fluctuations. The thermal noise variance points were fed into the Kalman filter one

at a time. All noise navigator signals shown here are respiratory signals predicted

by the Kalman filter based on all previously acquired data points. For Kalman filter

performance evaluation, the data points after channel combination were also filtered

with a moving average filter (1.2 s window). The sole difference between the results of

the two methods is the filtering, the input data was identical. The 1.2 seconds moving

average window corresponds to a 0.8 Hz cutoff frequency. It was assumed that the

breathing frequency does not exceed this 0.8 Hz and thus all higher frequencies can

be attenuated.

Optimal channel combination

As mentioned before, a training set was used to calculate the median thermal noise

variance value for each channel and the channel combination weights. The training
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space, the signal and noise are effectively separated. All the signal is in the middle and
noise in the proton-free areas outside the body contour in readout direction. The variance
was calculated over the signal-free part of each k-space line (ky) as indicated in red. The
resulting noise variance time signals per channel were combined into one using PCA. Finally,
the prospective Kalman filter designed here was applied.

GRE cine MR measurement (either sagittal or coronal) consisted of 60 frames (i.e.

28 s total) and was acquired for all volunteers. It was assumed that within this 28 s

training set at least five breaths (depending on the breathing frequency) were present

to train on. First, the noise variance signals per channel were collected for the full

28 s and the median was calculated per channel. After normalization, an automatic

frequency check was done to eliminate channels that did not display respiratory in-

duced temporal modulation in the thermal noise variance (e.g. due to the fact that

a particular channel was too distant from respiratory induced moving tissue). Only

if a channel signal had a maximum relative spectral peak power (i.e. peak amplitude

divided by all amplitudes) within the respiratory frequency band 0.05 to 0.8 Hz (i.e.

3 to 48 breaths/min) higher than the empirically found threshold of seven times the

noise level, it was considered relevant. The weight of irrelevant channels was by de-

fault set to zero. Subsequently, the optimal channel weights for the relevant channels

were obtained through PCA [75] on these selected channels. The real channel weights
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were obtained from the principal component with the highest power in the respiratory

frequency band. The lower bound of 0.05 Hz was chosen to ignore potential drift that

most likely did not contain respiratory information [76].

Validation

The effect of both filtering strategies on the noise navigator was evaluated by applying

both the Kalman and moving average filter (1.2 s window) to the channel combined

thermal noise variance signals. Furthermore, the noise navigator was compared to

independent benchmarks i.e. the respiratory bellows and 2D image navigator. The

image navigator was calculated from the balanced GRE cine MR acquisition using

an optical flow algorithm [77, 78]. Displacement was calculated for the liver dome

or chest wall depending on the slice orientation. Liver dome displacement was only

available for sagittal and coronal acquisitions, whereas chest wall displacement could

only be calculated from sagittal and transverse slice orientations. The liver dome dis-

placement was considered superior, so for sagittal measurements the liver dome dis-

placement was used as image navigator. Note that the image navigator (per frame)

had a coarser temporal resolution than the noise navigator (per k-space line) and,

therefore, had to be interpolated to achieve the same time resolution as the noise

navigator. These image navigators served as a ground truth of respiratory motion.

The temporal behavior of the Kalman filter and noise navigator was evaluated by cal-

culating the Spearman correlation between the prospective noise navigator (Kalman),

retrospective noise navigator (moving average), and image navigator. Additionally,

these three temporal signals and the respiratory bellows signal were divided into five

phase bins using phase binning. Phase binning was implemented by first doing a

peak detection, the peaks were then given phase 0 and in between peaks the phase

was interpolated up to 2π. The phase bins calculated from the noise navigator with

either Kalman or moving average filter and respiratory bellows were compared to the

phase bins obtained from the image navigator by means of confusion matrix analysis.

Results

The statistical uncertainty of a variance calculation over a stochastic signal (e.g.

thermal noise) depends on the available number of samples. Statistically, the error

of the variance estimation decreases with increasing number of samples. The effect

of the number of noise samples on the uncertainty of the variance calculation was

investigated in Fig. 3.2 A. The variance was calculated over an increasing number of
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thermal noise samples randomly taken from a noise-only cine MR frame. The error

was defined as the relative difference between the thermal noise variance calculated

over the current number of samples and over the entire cine MR frame. Notice that

the spread decreased inversely with the square root of the number of samples, as was

expected for random samples drawn from the same statistical distribution. At 760

samples (i.e. the amount of thermal noise samples in a single k-space line containing

MR signal) the maximum error was approximately 15%. The effect of this calculation

error is visualized in Fig. 3.2 B. Notice that the respiratory induced modulation can

easily be seen at 179200 samples (i.e. the number of thermal noise samples in a noise-

only cine MR frame). In this case, the maximum calculation error (i.e. < 0.01%)

was negligible compared to the approximately 2% respiratory induced thermal noise

variance fluctuations. From the per k-space line signal, it was impossible to see

respiration without a filter to mitigate the stochastic error caused by an insufficient

amount of thermal noise samples. In fact, the filter mimics the effect of improved

statistics through more samples. After filtering the noise variance per k-space line, a

signal similar to the noise variance per cine MR frame was revealed (see Fig. 3.2 C).

Zooming in clearly showed the difference in temporal resolution between the two (inset

of Fig. 3.2 C). Apart from temporal resolution, time lag is important for prospective

applications. The noise navigator filtered with either a moving average or Kalman

filter was compared to the respiratory bellows signal in Fig. 3.3 A. Note that the

moving average filtered noise navigator lagged with respect to the respiratory bellows

as well as the Kalman filtered noise navigator signals. For retrospective purposes this

time lag can be corrected for, however, for real-time applications (as aimed for in

this chapter) that is not possible. For comparison purposes, the 0.6 s lag inherently

induced by the 1.2 s moving average filter was corrected in the subsequent figures.

In Fig. 3.3 B, a schematic representation of the timings is given in case of a real-

time measurement. At the current time point a respiratory signal could be provided

by either the noise navigator in combination with a Kalman filter or the respiratory

bellows. The nearest value the moving average filtered noise navigator could provide

was half of the window width used (i.e. 0.6 seconds) in the past. Moreover, at the

current time point the Kalman filter can already provide a prediction of the respiratory

signal at the time of the next measurement.

The noise navigator was tested in combination with multiple slice orientations and MR
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Figure 3.2: The variance estimation error as a function of the number of samples relative
to the full cine MR frame (A). Notice that the spread decreases with increasing number of
samples. The result of variance calculation over 760 (k-space line) and 179200 (cine MR
frame) points is shown in B. When the per k-space line signal in B is Kalman filtered, C
is obtained. Both signals look similar, but the difference in temporal resolution can be
appreciated when taking a closer look at a short time interval.

contrasts. Fig. 3.4 shows the results of the noise navigator compared to the respira-

tory bellows for a sagittal, coronal and transversal GRE, noise-only and a transversal

SE sequence of a representative volunteer On the left, the results are shown for the

thermal noise variance calculated over a single k-space line. Notice that the respi-

ratory signals of the noise navigator and respiratory bellows matched in general. In

addition to the phase, the amplitude of the noise navigator signal was of interest. The

modulation depth, defined as two times the standard deviation, was 2.0, 1.7, 1.8, 1.9,

and 1.8% for the sagittal, coronal and transversal GRE, noise-only, and SE measure-

ments respectively. On the right the results are shown for the same measurement,

but with the thermal noise variance calculated over 30 k-space lines. Note that the

mismatch between the noise navigator with Kalman and moving average filter for the
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Figure 3.3: The timing of the noise navigator (NN) with different filters compared to the
respiratory bellows. In A, a delay can be seen for the noise navigator filtered by a moving
average filter. In B, a schematic representation of the timings is depicted. At the current
time point there would not be a moving average filtered value available (the nearest point
has a 0.6 s delay), whereas the respiratory bellows and Kalman filtered noise navigator do
provide a current value. The noise navigator in combination with a Kalman filter can even
provide a predicted value.

coronal gradient echo acquisition between 20 and 25 seconds was no longer present.

Here it was shown that the noise navigator combined with a Kalman filter was more

accurate in describing respiration when the variance is calculated over more samples

at the cost of temporal resolution. On the left the temporal resolution was equal to

2.9 ms for all GRE and noise-only measurements and 7.9 ms for the SE sequence. The

temporal resolution was 30 times lower for all results shown on the right, i.e. 81 ms

for both GRE and noise-only and 237 ms for SE. In Fig. 3.5 an example containing an

inhaled and exhaled breath hold followed by regular breathing is shown. It should be

noted that the reference respiratory sensors (i.e. respiratory bellows and image navi-

gator) did not agree with each other. The bellows was normalized during breath hold

and returned to equilibrium value, whereas the navigator captured the true position

of the liver dome. The noise navigator in combination with a moving average filter

agreed well with the image navigator. The Kalman filter predictions suffered from a

time lag after sudden changes in the breathing pattern that cannot immediately be

modeled by the sine wave model underlying these Kalman predictions.

The number of channels selected by the training acquisition varied for all volunteers.

In all cases at least one anterior channel was used, with a maximum of ten. No
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Figure 3.4: The respiratory signal revealed by the noise navigator (NN) in combination with
a prospective Kalman (black) and moving average (red) filter compared to the respiratory
bellows signal (blue) for multiple slice orientations and MR contrasts of a representative
volunteer. Additionally, the results were compared for the noise navigator calculated over a
single k-space line or 30 k-space lines.

posterior channels were selected for four out of the ten volunteers, but for the other

six volunteers the number of channels ranged between one and eight. The temporal

behavior of the noise navigator in combination with the Kalman or moving average

filter was evaluated with respect to the image navigator for free and tasked breathing

experiments. The median and standard deviation of the temporal correlation are

shown in Table 3.1. Between brackets, the number of GRE measurements used to

calculate the statistical values is shown. Notice that for free breathing noise-only scans

no image navigator was available and thus less measurements were used in the second

and third column for free breathing. Additionally, the respiratory phase binning based

on the MR navigator, respiratory bellows and noise navigator was performed for a

representative volunteer using a confusion matrix analysis (see Fig. 3.6). The k-space

line binning based on the image navigator was considered the ground truth. For eight

respiratory cycles the agreement with the image navigator on which k-space lines

belong to one of the five phase bins was 70%, 90%, and 85% for the noise navigator
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combined with Kalman or moving average filter and respiratory bellows respectively.
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respiratory bellows signal (blue) of an irregular breathing experiment including breath holds.
Notice that the noise navigator and navigator can distinguish between inhaled and exhaled
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surement. The five phase bins obtained from the noise navigator (NN) in combination with
either a prospective Kalman or retrospective moving average filter and respiratory bellows
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Table 3.1: The temporal correlation between the image navigator and the noise navigator
(NN) in combination with a retrospective moving average or prospective Kalman filter.

Prospective NN -
Retrospective NN

Prospective NN -
Image navigator

Retrospective NN -
Image navigator

Free breathing (57) 0.71 ± 0.16 (57) 0.71 ± 0.12 (27) 0.82 ± 0.11 (27)

Tasked breathing (48) 0.87 ± 0.13 (48) 0.79 ± 0.13 (48) 0.90 ± 0.07 (48)

Discussion

In this chapter the performance of the noise navigator was retrospectively explored

and the robustness of the proposed method was assessed on a total of 105 MR measure-

ments from ten healthy volunteers. All shown examples with the Kalman enhanced

noise navigator had the ultimate achievable temporal resolution of a single k-space

line (∼2.9 ms). Higher temporal resolution was simply not possible in practice, be-

cause the measured samples are only available after a full k-space line was acquired.

As shown in Fig. 3.2, the statistical uncertainty on the variance estimation per k-

space line (i.e. maximum 15%) was typically higher than the 2% respiratory induced

variance modulation. Hence, a filter was required to remove this stochastic variance

uncertainty. The performance of the designed prospective Kalman filter was assessed

and compared to a retrospective moving average filter (1.2 s window). The moving av-

erage was considered the ground truth as it mimicked a noise variance calculation over

more thermal noise samples without assuming a model. This claim was supported by

the strong linear relationship found between the image navigator and retrospective

noise navigator (see Table 3.1). The temporal correlation between the prospective and

retrospective filters with identical input was 0.71 ± 0.16 and 0.87 ± 0.13 for free and

tasked breathing, respectively. Although these correlations were relatively high, there

were significant discrepancies. The main cause of these discrepancies was the model

underlying the Kalman filter. Firstly, drift was not included in the model and thus

was filtered out by the Kalman filter (see Fig. 3.4 noise-only measurement). Drift in

only one of the signals yielded a lower correlation. In practice, however, automatic

drift removal from the respiratory surrogate could be favorable e.g. for triggering

purposes. Secondly, the Kalman model assumed a constant amplitude. In the SE

measurement (Fig. 3.4), it could be seen that the amplitude difference of the first

and second inhalation resulting from the moving average filtered noise navigator was
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larger than for the Kalman filtered noise navigator. Again, this could be an advantage

in practice when e.g. triggering on amplitude. The higher correlation in general for

tasked compared to free breathing was caused by a higher amplitude of respiratory

induced thermal noise variance fluctuations due to deeper in- and exhales for breath

holds. These breath holds, however, were intrinsically unpredictable and the sine

wave model that drives the Kalman filter did not properly represent the dynamic

structure in the data. Nevertheless, irregular breathing patterns (Fig. 3.5) could

be detected with exactly the same filter settings as regular breathing. The reason

for this was the correction step in the Kalman filter. This correction was based on

the residual between the value predicted by the Kalman filter and the noisy observa-

tion. During a breath hold, the predicted and observed values were different and the

model adapted by changing the respiratory frequency to zero. After the breath hold

ended, the modeled frequency increased again. The three parameters that constitute

the model had sufficient freedom to encompass unexpected behavior even though it

was not explicitly modeled. The cost, however, was a time varying delay (Fig. 3.5)

as the Kalman filter required some time to detect the mismatch before it adapted.

Directly at the onset of unexpected behavior within the breathing pattern the delay

was largest, but afterwards the signal became synchronized again. This effect also

occurred inherently at the start of each MR acquisition as the initial estimate of respi-

ration was fixed at zero. The error (settling time in the order of tens of milliseconds),

however, was minimized by a relatively large variance assumed on the initial guess of

the parameters. This large variance on the predicted parameter, forced the Kalman

filter to rely more on the measured observations than the model. When the model

and measurement started to converge, the predicted parameters were considered more

accurate and the variance on these parameters decreased. In case of a more accurate

variance estimation due to more thermal noise samples, the thermal noise variance

signal had less stochastic fluctuations on top of the respiratory induced fluctuations.

Hence, it would be easier for the filter to align with the measurements at the cost of

temporal resolution.

During MR acquisition, a maximum FOV (i.e. 56 cm) in readout direction was used

to maximize the proton (i.e. source of MR signal) free area per k-space line and

thus the number of available thermal noise samples. Increasing oversampling has no

negative effect on the SNR of MR images acquired by a cartesian sampling scheme [68].
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Including four times oversampling, the imaged FOV (i.e. 224 cm) was large enough

to ensure a sufficiently large proton free area. In case there would still be tissues

in the FOV relatively far away from the isocenter of the MR scanner, these tissues

would not be excited due to severe B0 inhomogeneities. Moreover, each channel in

the receive array has a limited spatial sensitivity. The receive channels in proximity

to the respiratory induced moving anatomy, typically do not have any sensitivity in

these distant regions.

Due to this local sensitivity of receive coils, the channel combination was crucial for

the performance of the noise navigator. Previously, the first principal component

resulting from PCA was used to combine the channels [79]. PCA, however, was not

specific to respiration. It was found that PCA was more effective when only a selection

of all channels was used as input. Hence, for respiration detection the channels were

automatically preselected based on the spectral power in the respiratory frequency

band. The most robust results were obtained by choosing the principal component

with the highest spectral power in the respiratory frequency band, after PCA on

the preselected channels. The requirement that needed to be fulfilled though, was

that at least a single channel in the receive array was close enough to respiratory

induced tissue displacements to detect it. In practice, this prerequisite would rarely

be violated for typical abdominal receive arrays as the array (containing multiple

channels) would be placed over the region of interest that contains respiratory motion.

The coil placement was performed in a normal fashion for diagnostic scanning, i.e. the

anterior part of the receive array was laying on top of the patient and moved along with

respiratory motion. Hence, the receive array does not have to be stationary. When

either the posterior or anterior part of the array moves significantly with respect to

the patient, the channel combination weights calculated in the training set might be

rendered invalid. The severity of this effect was not investigated. However, from

theory it is known that the thermal noise variance is an integral over all tissues,

spatially weighted by the coil‘s electric fields. This means that a small shift of the

receive array would most likely have a small effect on the noise variance. When large

receive array shifts occur though, this should be evident from the images and the scan

has to be repeated anyway. Since bulk motion induced noise variance modulations

have an amplitude that can be ten folds higher than respiration, bulk motion detection

could be added to the noise navigator in the future.

52



3

Prospective noise navigator for respiration detection

We have shown that the respiratory signal could be extracted prospectively from both

GRE and SE MR measurements by the Kalman filter enhanced noise navigator. The

modulation depth of respiratory induced noise variance fluctuations was similar for the

same patient in the exact same measurement setup for any MR acquisition in Fig. 3.4.

This underlined that the noise navigator did not depend on MR signal like e.g. the MR

navigator and self-navigation techniques. The fact that respiration could be detected

similarly for an MR sequence with SENSE [80] and halfscan [81], showed that the noise

navigator was compatible with these commonly used image acquisition acceleration

techniques. Because the noise navigator was calculated from the acquired raw k-

space MR data, image reconstruction does not affect it. Moreover, in theory the noise

navigator could be combined with any image acceleration technique. Additionally, the

method employing a 1D Fourier transform to decouple MR signal and thermal noise

is applicable for both cartesian and non-cartesian techniques as long as the readout is

linear. For non-linear readouts (e.g. spiral sampling) decoupling MR signal and noise

could be more problematic. An alternative could be to sample noise at off-resonance

frequencies outside the signal bandwidth but within the receiver bandwidth (similar

to the pilot tone method). Furthermore, it has to be taken into account that hardware

corrections and other digital signal processing on the raw MR signal could alter the

thermal noise distribution and thus affect the noise navigator. Hence, only data

consistency corrections (e.g. ADC non-linearity correction) were applied to the raw

data.

On the spectrometer used in this chapter, the whole processing chain including

Kalman predictions could be performed in 7 milliseconds and the noise navigator

data would immediately be available for prospective use. The calculations performed

on the measured data were not computationally cumbersome. After data collection

only a Fourier transform, variance calculation, channel combination, and filtering were

required. The Kalman filter consisted only of a few small (i.e. maximum 3x3) ma-

trix multiplications of which the computation time was negligible. Additionally, the

Kalman filter predicted the respiratory signal one measurement ahead effectively elim-

inating acquisition and processing latency. Given that a respiratory cycle typically has

a three to six second duration, a temporal resolution of 200 to 300 milliseconds would

be sufficient to describe respiratory motion. This means that thermal noise samples

from multiple k-space lines could be combined to yield a more accurate noise naviga-
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tor with still sufficient temporal resolution. For the moving average filter used here,

however, the required temporal resolution would limit the maximum window width

to 600 milliseconds. Hence, the moving average filter is not suitable for prospective

applications. Based on the respiratory signal obtained from the noise navigator in

combination with the Kalman filter, prospective gating during MRI would be possible

[3].

Conclusion

A prospective filter in combination with the noise navigator was able to extract and

predict a respiratory signal without delay. The prospective noise navigator could

measure respiration passively and did not depend on MR signal. Moreover, a strong

linear relationship was found between the prospective noise navigator and a quanti-

tative 2D image navigator. The prospective property of the Kalman filter will enable

real-time noise navigator applications e.g. prospective motion correction or motion

tracking.
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3.1 Supplementary material

We followed the derivation of the original paper [73] applied to our specific application.

A Kalman filter addresses the general problem of trying to estimate the state x of a

time controlled process that is governed by the linear discrete-dynamic system.

xk+1 = Φk+1;k xk + uk (3.1)

Where x is the state vector of the system. The dynamics of the state itself are de-

scribed in terms of state transitions by the matrix Φk+1;k, which indicates a transition

from discrete time point k to k + 1. The random vector uk represents the process

noise and is a vector-valued, independent, gaussian random process with zero mean.

Respiratory motion model

The state variables governing the Kalman filter were derived from the model used to

describe and predict respiratory motion. Respiration was expressed as a simple sine

wave with variable amplitude and frequency

s(t) = A sin(ωt) (3.2)

The amplitude and frequency were chosen to be variable, because respiratory motion

in practice is only quasi-periodic which implies both might change over time. Intu-

itively, s(t) can be seen as the position of the diaphragm at a certain time t. Note

that the model is non-linear in time. We consider the phase space of the proposed

model to find a linearized expression.

ṡ(t) = Aω cos(ωt) (3.3)

s̈(t) = −Aω2 sin(ωt) (3.4)

The second derivative can be rewritten as:

s̈(t) = −ω2s(t) (3.5)

Notice that s̈(t) is linear with s(t) and the amplitude is no longer present in the model.

For the discrete case, a linear expression for sk+1 can be derived by Euler integration
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using equation (3.5) for a small time step ∆t.

s̈k+1 = −ω2
ksk (3.6)

ṡk+1 = ṡk + s̈k+1∆t (3.7)

sk+1 = sk + ṡk+1∆t (3.8)

From the equations (3.6), (3.7) and (3.8), it can be seen that the state x can be

described by just three state variables i.e. s, ṡ and ω. Furthermore, it is assumed

that the breathing frequency ω is constant over a small time step ∆t and only the

breathing frequency is affected by process noise. Equation (3.1), therefore simplifies

to 
sk+1

ṡk+1

ωk+1

 =


1 ∆t 0

−ω2
k∆t 1 0

0 0 1




sk

ṡk

ωk

 +


0

0

u

 (3.9)

Where u ∼ N (0, σ2
u). The covariance on the state variables estimated through equa-

tion (3.9) is described by the discrete process noise covariance matrix Qk. As defined

in the Kalman paper, the discrete process noise covariance matrix is given by

Qk =

∫ Ts

0

Φe(τ)QΦT
e (τ)dτ (3.10)

Where Φe(τ) is the error transition matrix as a function of the time step τ . A

two term approximation of the error transition matrix was calculated through the

Jacobian (J) of partial derivatives of the model equations in (3.5) with respect to the

state variables.

Φe(τ) ≈ I + Jτ =


1 τ 0

−ω2τ 1 −2ωsτ

0 0 1

 (3.11)
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Where I is the identity matrix and Q is defined as

Q =


0 0 0

0 0 0

0 0 u2

 (3.12)

The discrete process noise covariance matrix is obtained by substitution of equation

(3.11) and (3.12) in equation (3.10) and solving the integral over the indicated time

interval.

Qk =


0 0 0

0 4
3ω

2
ks

2
kT

3
s u

2 −ωkskT
2
s u

2

0 −ωkskT
2
s u

2 Tsu
2

 (3.13)

Measured thermal noise variance

The measurement zk at a discrete time point k can be described by a combination of

the state (x) at this time point and the measurement noise (n).

zk = Hxk + n (3.14)

Where the vector H relates the state to the measurement. Since only state variable sk

is measured, it can be seen from equation (3.14) that H = (1 0 0). The scalar mea-

surement noise is assumed to be independent, white, and with a normal probability

distribution i.e. n ∼ N (0, σ2
n).

Implementation

The implementation of the Kalman filter is basically a constant loop of correcting the

predicted state using the actual measurement and subsequently predicting the next

state based on this corrected value. A predicted state variable will be indicated with

a bar (e.g. s̄) and the corrected state variable (i.e. corrected prediction) is indicated

with a hat (e.g. ŝ).
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Correction

The correction of the predicted state (x̄k) using the measurement (zk) is implemented

as follows: 
ŝk

ˆ̇sk

ω̂k

 =


s̄k

¯̇sk

ω̂k

 +Kk(zk − s̄k) (3.15)

The residual (zk − s̄k) reflects the discrepancy between the predicted measurement

s̄k and the actual measurement zk. Keep in mind that the residual contains both

measurement noise and unexpected respiratory motion. The measurement noise n

is taken into account by the gain Kk. Hence the residual multiplied by the gain is

governed by unexpected respiratory motion.

Kk = P̄kH
T (HP̄kH

T + σ2
n)−1 (3.16)

When the measurement noise variance (σ2
n) approaches zero, the measurement zk

is more reliable and the residual gets a higher weight. On the other hand, as the

predicted state covariance P̄k approaches zero the model is considered accurate and

the weight of the residual becomes less. Not only the state variables, but also the

state covariance prediction has to be corrected.

P̂k = (I −KkH)P̄k (3.17)

Prediction

As a fundamental concept the next state can be predicted given the current state.

Prediction of the next state x̄k+1 is done based on equation (3.8). After predicting

the state variables, the corresponding state covariance matrix P̄k+1 is calculated. The

state covariance consists of two parts i.e. the error of the previous state propagated

by the model and the process noise.

P̄k+1 = ΦP̂kΦT +Qk+1 (3.18)
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Initial estimates

To achieve optimal results the initial values and variances of the state variables (i.e. s,

ṡ and ω) have to be estimated. These parameters were estimated through knowledge

of the physical system being modeled. However, it has to be kept in mind that the

respiratory phase is not modeled (see equation (3.2)) and thus can differ for each

measurement. Therefore the initial value of s and ṡ could in theory be any value

within the model. From equation (3.2) it follows that µs = 0 for a long time series.

It was assumed that four times the standard deviation (i.e. 95% chance the observed

value is within this range) should be equal to the maximum value allowed by the model

i.e. 4σs = A. So the initial estimate of the signal becomes s(0) = 0 and the variance

on this estimate is σ2
s(0) = (A

4 )2. For ṡ (see equation (3.3)) the same procedure

holds, which results in µṡ = 0 and 4σṡ = Aω. The initial estimates are ṡ(0) = 0 with

variance σ2
ṡ(0) = (Aω

4 )2. The variance on the initial estimates is large, so the actual

measurement initially has a high weight compared to the model. Therefore, the lack

of phase information in the model is compensated for.

Notice that the number of initial values to be estimated is now reduced to two (i.e.

A and ω). In practice the amplitude (A) and frequency (ω) of breathing will differ

between volunteers. However, it was decided to use constant initial values for both

parameters, i.e. A = 2% and ω = 0.23 · 2π rad/s (i.e. 14 breath/min). Additionally,

the process noise variance σ2
u (see equation (3.9)) and measurement noise variance σ2

n

(see equation (3.14)) need to be estimated. The process noise variance can be seen

as an uncertainty on the breathing frequency estimation and it was assumed that

σu = π/15 rad/s (i.e. 2 breath/min). Empirically, a maximum measurement error

of 15% was found (see Results section), thus 4σn = 15% was assumed. This means

σ2
n ∼ 0.001.
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3.2 Supplementary material

The noise navigator is a flexible method that can be combined with many MR se-

quences and could potentially be used prospectively. There are, however, some con-

siderations to keep in mind regarding measurement settings that could affect the data

consistency of the measured thermal noise.

Data consistency

Generally, only the consistency of the measured thermal noise samples has to be con-

sidered. Corrections for hardware inconsistency, e.g. ADC non-linearity, are corrected

for by default and thus are of no concern. Manually changeable measurement set-

tings that could affect the signal consistency, however, could prove problematic. An

example for the specific vendor used here, is the frequency encoded artifact reduc-

tion (FEAR). FEAR adds a phase ramp over all samples within a readout through

a random frequency shift of the demodulator. As such a phase ramp would affect

the variance estimated over the thermal noise samples in a readout, FEAR is not

compatible with the noise navigator.

Number of thermal noise samples

In order to acquire as many thermal noise samples as possible for the variance estima-

tion, oversampling in readout is typically increased from two to the maximum value

(i.e. four in the used vendor systems). Increasing the oversampling in readout direc-

tion generally does not affect SNR, scan time or other MR acquisition parameters for

cartesian readout strategies. It is possible, however, that the desired oversampling

factor would require a BW that is higher than the maximum bandwidth allowed by

the MRI scanner (i.e. 1 MHz for the used vendor). In this case the MRI scanner

would elongate the MRI sequence to acquire the desired amount of samples. This can

easily be overcome by calculating the oversampling in readout based on the maximum

BW of the system.
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Abstract

Respiratory-correlated 4D-MRI can characterize respiratory-induced motion of tumors and

OARs for radiotherapy treatment planning and is a necessity for image guidance of moving

tumors treated on an MRI-linac. Essential for 4D-MRI generation is a robust respiratory sur-

rogate signal. We investigated the feasibility of the noise navigator as respiratory surrogate

signal for 4D-MRI generation. The noise navigator is inherently present and synchronized

with MRI data acquisition, can be combined with any rectilinear readout strategy (e.g. ra-

dial and cartesian) and is independent of MR image contrast and imaging orientation. For

radiotherapy applications, the noise navigator provides a robust respiratory signal for pa-

tients scanned with an elevated coil setup. This is particularly attractive for widely used

cartesian sequences where currently a non-interfering self-navigation means is lacking for

MRI-based simulation and MRI-guided radiotherapy.

The feasibility of 4D-MRI generation with the noise navigator as respiratory surrogate signal

was demonstrated for both cartesian and radial readout strategies in radiotherapy setup on

four healthy volunteers and two radiotherapy patients on a dedicated 1.5T MRI scanner and

two radiotherapy patients on a 1.5T MRI-linac system. Moreover, the respiratory-correlated

4D-MR images showed liver motion comparable to a reference 2D cine MRI series for the

volunteers. For 2D cartesian cine MRI acquisitions, both the noise navigator and respiratory

bellows were benchmarked against an image navigator. Respiratory phase detection based

on the noise navigator agreed 1.4 times better with the image navigator than the respira-

tory bellows did. For a 3D SoS acquisitions, the noise navigator was compared to radial

self-navigation and a 1.7 times higher respiratory phase detection agreement was observed

than for the respiratory bellows compared to radial self-navigation.
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Introduction

For radiotherapy treatment planning of abdominothoracic tumors, 4D imaging is used

to characterize respiratory-induced motion of tumors and OARs in order to determine

the required PTV margins [82]. Traditionally, respiratory-correlated 4D imaging was

mostly performed on lung using CT. As lung CT provides a high contrast between

the tumor and background, motion assessment is feasible. 4D-MRI provides better

means for motion characterization of tumor sites in the thorax (e.g. mediastinal

structures) and the abdomen, because of the superior contrast between the tumor

and soft tissues in MRI. Furthermore, 4D-MRI does not use ionizing radiation and

can visualize the anatomy in any desired orientation, unlike 4D-CT which only allows

for transversal imaging [41, 13]. In addition to these intrinsic benefits of MRI over CT

in the treatment planning stage, the availability of hybrid MRI-linac systems [71, 83]

for MRI-guided radiotherapy is increasing. This further increases the relevance and

necessity of 4D-MRI as it is required for image guidance of moving tumors treated on

an MRI-linac.

Essential for high quality respiratory-correlated 4D-MRI is an accurate retrospective

sorting of the MRI data into different respiratory phases. In this chapter we focus

on 3D MRI acquisitions, as they typically have a higher SNR compared to 2D MRI

[51]. Furthermore, 3D imaging allows isotropic high-resolution voxels since the slice

thickness is not limited by the slice excitation profile like in 2D MRI [84] and en-

ables geometry correction in 3D. Sorting of the raw MRI data (i.e. k-space data) is

performed based on respiratory surrogate signals. There are three surrogate types,

i.e. external, internal and self-navigated surrogates. External surrogate signals not

based on MR signal, such as respiratory bellows [31, 32], are most commonly used in

MRI diagnostics. In practice robust performance of these external surrogate sensors

can be challenging due to various issues such as signal saturation, gain resetting, and

incorrect synchronization with MRI data acquisition [85, 86]. Moreover, external sen-

sors lack correlation with respect to the internal anatomy [34, 35, 25, 36] and require

additional hardware which potentially interferes with radiotherapy (e.g. body con-

tour distortions or even modification of dose deposition). These drawbacks hamper

applications for MRI-based radiotherapy simulation or on an MRI-linac. Internal sur-

rogates rely on MRI acquisitions (e.g. pencil-beam navigators [37]) and thus decrease

scanning efficiency [38] and can disrupt the imaging steady-state [39]. Contrary to
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external and internal surrogates, self-navigation utilizes the acquired MRI data itself

to detect motion and is mostly based on non-cartesian readout strategies where the

signal of the k-space center is modulated by respiration. Self-navigation does not

interfere with MRI acquisition, but can suffer from potential MRI data inconsistency

e.g. phase instability, eddy currents disturbing the k-space center signal [40], and

partial saturation bands [41]. Advantages of self-navigation include direct synchro-

nization with the MRI data and maximum scan efficiency.

Recently a novel self-navigation approach for respiratory motion detection was pro-

posed, i.e. the noise navigator [47, 87]. The noise navigator is based on the respiratory-

induced modulation of the thermal noise variance measured by the receive coils during

MRI acquisition. Unlike other self-navigation methods, the noise navigator is indepen-

dent of MR signal, sequence, imaging orientation and compatible with any rectilinear

readout strategy (e.g. radial and cartesian). Moreover, the noise navigator inherently

yields a respiratory surrogate per readout, and thus does not require repetitive sam-

pling of the self-navigation signal. Chapter 2 showed that the noise navigator has an

approximately ten times increased respiratory motion detection sensitivity in a mea-

surement setup where the receive array is stationary and elevated a few centimeters

above the body (see supplementary material 4.1) compared to on-body placement

[88]. This is particularly relevant for 4D-MRI in a radiotherapy setting, where the

anterior receive array is placed on a coil bridge to avoid body contour deformations

or distortion of surface dose deposition in the skin for a hybrid MRI-linac [89]. Given

these advantages, we investigated the feasibility of 4D-MRI based on the noise nav-

igator for both cartesian and radial readout strategies, in a standard radiotherapy

setup. The feasibility was tested on healthy volunteers and radiotherapy patients on

a dedicated 1.5T MRI scanner and 1.5T MRI-linac system. Additionally, quantitative

motion estimation based on the 4D-MR images was evaluated.

Methods

MRI experiments

Prior to the MRI measurements written informed consent, approved by the institu-

tional review board, was obtained. For sequence details see supplementary material

4.2.

MRI scanner for treatment planning Free breathing experiments were per-

formed on a clinical 1.5T MRI scanner (Ingenia, Philips, Best, the Netherlands) with
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a flat table top for four healthy volunteers, one patient with lung cancer and one pan-

creatic cancer patient. Signal was measured with a 12 channel posterior array located

in the table and 16 channel anterior array placed on a coil bridge a few centimeters

away from the body.

For each volunteer four MRI acquisitions were performed, three were used for 4D-

MRI generation and one as a reference for evaluation. For 4D-MRI generation, two

fully sampled transversal 3D cartesian balanced GRE sequences (i.e. C1 and C2)

with different isotropic voxel sizes were continuously acquired for 20 repetitions. Ad-

ditionally R1, a transversal 3D T1-weighted spoiled GRE with GA SoS sampling

(i.e. radial in the kx-ky plane and cartesian along the kz dimension [90, 91]) was

acquired. For evaluation purposes a sagittal 2D cartesian cine MRI (i.e. Ceval) was

continuously acquired for 120 repetitions (346 ms temporal resolution) to serve as a

direct and independent respiratory motion measure. The respiratory bellows were po-

sitioned according to clinical protocol and the respiratory signal was recorded during

MRI data acquisition to serve as an external, independent surrogate for respiratory

motion.

Both the lung and pancreatic cancer patient were scanned with a transversal 3D

SoS sequence. For the lung cancer patient, this scan was combined with contrast

enhancement. The start of contrast agent (Gadovist 0.1 mmol/kg) administration

was synchronized with the start of the MRI acquisition. The respiratory bellows

signal was not acquired for both patients as the respiratory bellows can deform the

body contour, which is undesired for radiotherapy treatment planning.

MRI-linac To demonstrate the feasibility of the noise navigator for MRIgRT, one

patient with liver cancer and one patient with lung cancer were scanned on a 1.5T

MRI-linac system (Unity, Elekta AB, Stockholm, Sweden) with a transversal 3D SoS

acquisition. MR signal was measured with a 4 channel posterior array located in the

table and 4 channel anterior array placed on a coil bridge.

Respiratory surrogate calculation

Respiratory bellows The respiratory bellows signal was linearly interpolated to

match the timing of the MRI acquisition after manual synchronization.

Image navigator A retrospective image navigator was calculated from the sagittal

2D cine MR images. The mean (in AP direction) was calculated over thirty adjacent

lines containing lung-liver interface of each 2D cine MR image to generate an image
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navigator similar to a pencil-beam navigator. Subsequently, the cross-correlation was

calculated between this image navigator evaluated on a reference cine MR image and

the other cine MR images. In combination with the known voxel size of the 2D cine

MRI acquisition, the displacement was quantified.

Self-navigator The self-navigator was calculated from the projection profiles of the

entire volume (i.e. 1D Fourier transform in the FH direction (kz) of the central point

kx = ky = 0) as described in literature [92, 93, 94, 95].

Noise navigator The thermal noise variance was calculated per readout (i.e. several

milliseconds temporal resolution) for each receive channel [87]. PCA was performed

over the receive channels. The principal component with the largest spectral com-

ponent between 0.1 and 0.5 Hz was selected and a moving average filter (hamming

window with 1 s width) was applied to obtain the noise navigator.

4D-MRI reconstructions

All 4D-MR images were reconstructed by solving the following optimization problem:

d = argmin
d
||F · C · d −m||22 + λTV ||TV · d||1 + λW ||W · d||1 [96]. Here F is the

(nonuniform) Fourier transform operator, C the coil sensitivity operator, d is the 3D

dynamic image series with respiratory phase dimension and m is the corresponding

multi-coil k-space data sorted according to the respiratory phase. The measured k-

space data was retrospectively sorted into ten equally sized respiratory phases using

phase binning, based on the different surrogate signals to obtain m. TV is the finite

difference total-variation operator in the respiratory phase dimension and W the

wavelet transform in spatial dimension with regularization parameters λTV and λW ,

respectively. The 4D MR images were reconstructed with 4D compressed sensing [96]

using the ADMM solver in the BART toolbox [97] with λTV /λW = 0.0075/0.005 for

the cartesian datasets and using a nonlinear conjugate gradient algorithm in Matlab

[94] with λTV /λW = 0.03kmax/0 for SoS datasets.

For cartesian 4D-MRI reconstructions the data was sorted based on the noise nav-

igator and respiratory bellows. If required, a variable phase bin width was used to

ensure that each respiratory phase contained the central part of k-space [98].

For 4D SoS reconstructions a phase correction [99] was applied and subsequently the

data was sorted based on the noise navigator or the self-navigator.
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Respiratory surrogate evaluation

2D cartesian experiments Both the noise navigator and respiratory bellows signal

were benchmarked against an image navigator derived from 2D cartesian cine MR

images (i.e. Ceval). We regard the image navigator as the standard, because this

directly visualizes the displacement of the liver-lung interface with sufficient temporal

resolution.

3D radial experiments For the evaluation of the noise navigator and respiratory

bellows in combination with a 3D SoS acquisition (i.e. R1) the self-navigator was

used as benchmark. In radiotherapy, the self-navigator in combination with 3D SoS

sequences has been used often for respiratory-correlated 4D-MRI generation [100, 101,

102].

Evaluation methods The correlation coefficient and mean time difference at inhale

and exhale between the reference method (i.e. image navigator for 2D cartesian and

self-navigator for 3D SoS) and the noise navigator or respiratory bellows signal were

calculated.

Respiratory phase assignment of the MRI data based on two respiratory surrogates

was compared through a confusion matrix. All confusion matrices were normalized

so each row added up to 100% and subsequently averaged over all volunteers.

4D-MRI displacement field evaluation

As a reference, the DVFs in FH and AP were calculated with optical flow [78, 77] on

the 2D cine MRI (i.e. Ceval). Subsequently, the mean displacement over an ROI (i.e.

upper part of the liver) was calculated for all cine MR images. The reference liver

displacement over a respiratory cycle was calculated as the median liver displacement

at inhale minus the median liver displacement at exhale over all respiratory cycles

encompassed by the 2D cine MRI. The DVFs in FH and AP for the respiratory-

correlated 4D-MR images (i.e. C1, C2 and R1) were also calculated with optical flow.

The liver displacement was defined as the difference between exhale and inhale in the

same ROI used for the reference 2D cine MRI. A two-sample Kolmogorov-Smirnov

test (5% significance level), with null hypothesis that the displacement observed by

the reference (Ceval) and 4D-MRI (C1, C2 or R1) are from the same continuous

distribution, was performed.
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Results

Figure 4.1 shows the respiratory surrogate signals for the 2D cartesian cine MRI mea-

surement Ceval (A) and SoS acquisition R1 (B) of a representative volunteer. Notice

the gain resetting of the bellows at 28 seconds followed by a lower amplitude (Figure

4.1 A), demonstrating the low fidelity of the bellows. The green and magenta dots

indicate the detected inhale and exhale respectively, whereas the green and magenta

numbers show the mean time difference between the reference signal (i.e. image nav-

igator for cartesian and self-navigator for SoS) versus the respiratory bellows and

noise navigator. Notice that the mean time difference is larger for the respiratory

bellows compared to the noise navigator in both exhale and inhale. Additionally, the

mean correlation with the reference method over all volunteers was higher for the

noise navigator than respiratory bellows. The mean correlation of the noise navigator

with the image navigator (for Ceval) and self-navigator (for R1) was 0.88 and 0.91,

respectively. The respiratory bellows had a mean correlation of 0.84 and 0.69 with

the image navigator and self-navigator, respectively.
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Figure 4.1: The image navigator, respiratory bellows and noise navigator signals for the
2D cartesian cine MRI Ceval are shown in A. In B the self-navigator, respiratory bellows and
noise navigator signals are shown for the first 50 seconds of the SoS sequence (R1). The
green and magenta dots indicate the detected inhale and exhale respectively. The green
and magenta numbers indicate the mean time difference between the reference (i.e. image
navigator for cartesian and self-navigator for SoS) and the respiratory bellows and noise
navigator at inhale and exhale respectively.

Figure 4.2 shows the mean phase bin agreement between the image navigator and

respiratory bellows (A) or noise navigator (B) for the 2D cartesian cine MRI Ceval.

Similarly the mean phase bin agreement over the SoS acquisition R1 between the self-
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navigator and respiratory bellows (C) or noise navigator (D) was calculated. Notice

that all confusion matrices are mostly diagonal. Additionally, the phase bin agree-

ment was higher around the inhale phase (i.e. phase bin 1), than exhale phase (i.e.

phase bin 6) for both cartesian and SoS. The phase bin agreement between the ref-

erence and respiratory bellows was approximately 1.4 and 1.7 times lower than the

phase bin agreement between the reference and noise navigator for cartesian and SoS

acquisitions, respectively.
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Figure 4.2: The phase bin agreement (in %) for the image navigator was compared to the
respiratory bellows (A) and noise navigator (B). Additionally, the phase binning based on
the self-navigator for the SoS acquisition was compared to the respiratory bellows (C) and
noise navigator (D).

In Figure 4.3, examples of image quality are shown for a coronal slice through the

liver in exhale and inhale. Figure 4.3 A shows the results from a cartesian 4D-MRI

(C2) of a healthy volunteer reconstructed based on the noise navigator and respiratory

bellows. Analogously, Figure 4.3 B shows the 4D-MRI reconstructed from the SoS

acquisition (R1) of the same volunteer with noise navigator and self-navigator as

respiratory surrogate. For both cases the qualitative image quality between surrogates

was comparable.

The liver displacement calculated from the 4D-MR images was comparable for dif-

ferent surrogates of the same scan (see Table 4.1). The underlined values indicate

experiments where the observed 4D-MRI liver displacement was significantly differ-

ent from the liver displacement measured in the 2D cine MRI.

Figure 4.4 shows that the image quality of the contrast enhanced 4D-MRI of a lung

cancer patient acquired on the 1.5T MRI scanner was comparable for the noise nav-

igator and self-navigator. Moreover, the tumor (indicated by the yellow arrow) was

clearly visible for both reconstructions. The animated 4D-MRI reconstructions of a

lung cancer patient acquired at an MRI-linac system and pancreas cancer patient on
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Figure 4.3: A coronal slice through the liver of a healthy volunteer for a balanced cartesian
acquisition (C2) based on the noise navigator and respiratory bellows (A) and T1-weighted
SoS acquisition (R1) based on the noise navigator and self-navigator (B). The yellow line
indicates the top of the liver in exhale position.

Table 4.1: The mean liver displacement (in mm) of 4D-MRI and reference sagittal 2D
cine MRI. Displacements (in mm) are reported as FH/AP. C1 and C2 indicate the first
and second cartesian scan acquired per volunteer and R1 is the radial SoS. The underlined
displacements are significantly different from the reference displacement.

4D cartesian 3D Stack-of-Stars 2D reference

C1 C2 R1 Ceval

noise respiratory noise respiratory noise self-

navigator bellows navigator bellows navigator navigator

V1 10.2/2.8 8.7/2.1 7.0/1.8 6.7/1.8 6.2/1.4 7.3/1.5 8.6/2.4

V2 10.3/1.9 8.6/1.5 9.0/1.8 10.5/1.9 7.6/1.6 8.4/2.1 10.7/3.1

V3 10.7/2.5 8.3/1.5 22.7/3.4 24.5/3.8 20.0/1.9 20.4/2.1 23.5/5.2

V4 7.3/2.0 6.7/1.8 3.0/0.9 3.2/1.3 6.4/1.6 7.1/0.9 3.3/1.3

an MRI scanner can be seen in supplementary material 4.3 (echo 1, 2 and 3) and 4.4,

respectively.

Figure 4.5 shows the image quality improvement due to the noise navigator of the

4D-MRI generated for a patient with liver cancer on an MRI-linac system. The

reconstruction based on the noise navigator showed less streaking artifacts (indicated

by yellow arrows). This can be appreciated even better in the animated 4D-MRI

showing all reconstructed respiratory phases in supplementary material 4.5.

69



4

Chapter 4

Exhale Inhale

noise navigator self-navigator

Exhale Inhale

Figure 4.4: A coronal slice containing the lung tumor (yellow arrow) at inhale and exhale
from the contrast enhanced 4D-MRI generated from a SoS sequence based on the noise
navigator and self-navigator. The yellow line indicates the top of the liver in exhale position.

Exhale Inhale

noise navigator self-navigator
Exhale Inhale

Figure 4.5: A transversal slice containing the liver after tumor resection at inhale and
exhale. The 4D-MRI generated from a SoS sequence was based on the noise navigator
and self-navigator. Notice the reduced streaking and blurring in the noise navigator based
reconstruction compared to the self-navigator.

Discussion

The feasibility of the noise navigator as a reliable respiratory surrogate for 4D-MRI

generation based on 3D k-space sorting for both cartesian and radial readout strategies

was shown. The largest advantage of the noise navigator is its compatibility with

a wide variety of readout strategies and MRI contrasts. The noise navigator, like

the respiratory bellows, can be used in combination with both radial and cartesian

readout strategies, whereas the self-navigator requires radial sampling for sufficient

temporal resolution. Very relevant for MRI in radiotherapy, the noise navigator has

a good synergy with the elevated coil setup used in radiotherapy, which augments

its respiratory motion detection sensitivity significantly. The noise navigator showed

a good correlation of 0.88 and 0.91 with the image navigator (for Ceval) and self-

navigator (for R1) respectively. Both these reference methods were derived directly

from the internal anatomy, and showed a higher correlation with the noise navigator
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than respiratory bellows. Moreover, the noise navigator provides a means of self-

navigation for cartesian MRI sequences for radiotherapy simulation or even MRIgRT

employing hybrid MRI-linacs. This is a major advantage as the respiratory bellows is

unavailable at an MRI-linac system because it potentially interferes with treatment

and deforms the body contour.

The 3D liver displacement could be estimated from the generated 4D-MR images

(see Table 4.1). Note that no gold standard was available for 4D-MRI displacement.

Ideally, a controlled validation with a physical phantom would be performed. In

practice, however, physical phantoms may not accurately depict the complex dis-

placements observed in vivo. Moreover, the noise navigator depends on changes in

the spatial dielectric tissue property distribution, which is most likely different for

a phantom and in vivo making validation on a physical phantom challenging. An-

other potential validation method would be a digital human phantom with realistic

respiratory motion, e.g. XCAT [65], in which realistic dielectric properties, relax-

ation times (i.e. T1 and T2) and proton density values are assigned to the tissues.

With such a digital human phantom, the noise navigator could be calculated through

electromagnetic simulations similar to Chapter 2 and the 4D-MRI sequence could be

simulated separately [103]. If all these components were available in a single digital

phantom, which is currently not the case, we believe this validation method would be

valuable albeit computationally expensive. A finite-difference time-domain (FDTD)

simulation would be required for the calculation of the thermal noise and separate

simulations would be needed for the MRI signal. Thus due to the lack of controlled

validation, the optical flow derived displacement of sagittal 2D cine MRI measure-

ments (i.e. Ceval), which was recorded in the same exam but not simultaneously,

was used as a benchmark. The slice was positioned sagittally in order to include FH

and AP motion, while LR motion was assumed to be negligibly small. The approxi-

mately 50% FH displacement underestimation for V3 C1 with both surrogate signals

was most likely caused by the blurry liver dome as a consequence of residual motion

artifacts in the reconstructed inhale phase. These strong intra-bin motion artifacts

are an intrinsic downside of linear phase encoded cartesian sampling and could be

reduced using different profile ordering [104]. The approximately 50% higher FH dis-

placement for V4 C1 and V4 R1 with both surrogates was not significantly different

from the reference. This was caused by the relatively large variable breathing pattern
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encompassed within the reference method (see supplementary material 4.6).

The respiratory phase binning based on the noise navigator was compared to the 2D

cine MRI displacement (see Figure 4.2 B) and the highest agreement was observed

at inhale. All surrogates showed a sharper peak at inhale than exhale, which made

it easier for the peak-detection algorithm to detect inhalation than exhalation. The

higher exhale detection (magenta dots) variation can be observed when comparing

the image navigator and respiratory bellows between 5 and 20 seconds in Figure 4.1

A. Thus the expiration time assigned by the peak-detection based on the respiratory

surrogate signals is higher than one might expect from physiology. Additionally, it

was observed that the noise navigator had a higher phase bin agreement with the

benchmark than the respiratory bellows (see Figure 4.2). This was partly caused by

the gain resetting of the respiratory bellows signal (see Figure 4.1 A), which regularly

occurs in a clinical setting in our experience. As a result, some respiratory cycles were

not detected as such by the phase binning algorithm. This lead to wrongly assigned

readouts, causing intra-bin variability and thus motion artifacts in the generated 4D-

MRI.

The agreement between the noise navigator and self-navigator for 3D SoS acquisition

R1 (see Figure 4.2 D) was lower than the observed agreement between the noise

navigator and image navigator for 2D cartesian acquisition Ceval (see Figure 4.2 B).

Nevertheless, 4D-MR image quality was comparable for 4D SoS reconstructions based

on the noise navigator and self-navigator (see Figure 4.3 B). Moreover, the noise

navigator could be useful in combination with dynamic contrast enhancement as this

can lead to additional modulation of the radial self-navigation signal, which is based

on image contrast changes [105]. The noise navigator does not depend on image

contrast and thus is unaffected by contrast enhancement. Additionally, a rotation

angle dependency in the self-navigator signal caused by direction dependent eddy

currents modulating the signal at the k-space center was observed for balanced SoS

acquisitions [106] (see supplementary material 4.7). This resulted in a non-uniform k-

space distributions and induced streaking artifacts in the 4D-MRI reconstructed based

on the self-navigator. These artifacts were largely absent in the 4D-MRI generated

based on the noise navigator (see Figure 4.5 and supplementary material 4.5).

In this chapter, we focused on 4D-MRI generation based on sorting the k-space of

3D MR images. Another often used option is image-based 4D-MRI generation, where
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multiple 2D MR images are stitched together based on a respiratory surrogate. Since

the noise navigator is insensitive to the contrast and dimensionality (i.e. 2D or 3D) of

the simultaneously acquired MR images, it could in principle be used for image-based

4D-MRI generation as well. Moreover, the noise navigator could be used in synergy

with image-based surrogates for 4D-MRI generation [107, 34, 108]. In addition to 4D-

MRI generation, the noise navigation could be employed as independent detection

means for respiration gating in MRIgRT. This would require a low-latency noise

navigation signal [87].

Conclusion

The feasibility of 4D-MRI generation with the noise navigator as respiratory motion

surrogate has been demonstrated for both cartesian and radial readout strategies in ra-

diotherapy setup on a dedicated 1.5T MRI scanner and MRI-linac system for healthy

volunteers and radiotherapy patients. The noise navigator provides a robust respira-

tory signal independent of readout strategies for patients scanned with an elevated

coil setup as typically employed for radiotherapy applications. This is particularly

attractive for widely employed cartesian sequences where currently a non-interfering

self navigation means is lacking for the MRI-based simulation and MRIgRT.
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4.1 Supplementary material
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4.2 Supplementary material

MRI
experiment

Acquisition
scheme

Parameters

4D-MRI
healthy
volunteer

transversal
cartesian
(C1)

3D balanced GRE continuously acquired for 20 repetitions (29.5
seconds per repetition), 30◦ fa, 2.8 ms TR, 1.42 ms TE, 2 mm
isotropic voxels, 560x280x150 mm FOV, and 1 MHz BW at 1.5T
MRI simulator

transversal
cartesian
(C2)

3D balanced GRE continuously acquired for 20 repetitions (16
seconds per repetition), 30◦ fa, 2.4 ms TR, 1.18 ms TE, 2.5 mm
isotropic voxels, 560x280x150 mm FOV, and 1 MHz BW at 1.5T
MRI simulator

transversal
GA Stack-
of-Stars
(R1)

3D T1-weighted single-shot spoiled GRE with GA SoS sampling,
SPAIR fat suppression, 8◦ fa, 3.2 ms TR, 1.35 ms TE, 0.7 half-scan
(in z), TFE factor 38, 213.8 ms shot-duration, 2.13x2.13x3.5 mm
voxels, 400x400x150 mm FOV, 1504 spokes, and 641 kHz BW at
1.5T MRI simulator

evaluation
healthy
volunteer

sagittal
cartesian
(Ceval)

2D balanced GRE continuously acquired for 120 repetitions (346 ms
per repetition), 50◦ fa, 2.5 ms TR, 1.21 ms TE, 2x2x7 mm voxels,
560x280x7 mm FOV, and 1 MHz BW at 1.5T MRI simulator

4D-MRI
lung
patient

transversal
GA Stack-
of-Stars

3D T1-weighted GRE sequence with GA SoS sampling, SPAIR fat
suppression, 8◦ fa, 3.2 ms TR, 1.3 ms TE, 0.7 halfscan (in z), TFE
factor 69, 332.9 ms shot-duration, 2.1x2.1x3.5 mm voxels,
350x269.5x350 mm FOV, 1312 spokes, and 893 kHz BW at 1.5T
MRI simulator. The start of contrast agent (Gadovist 0.1
mmol/kg) administration was synchronized with the start of the
MRI acquisition.

4D-MRI
pancreas
patient

transversal
GA Stack-
of-Stars

3D T1-weighted GRE sequence with GA SoS sampling, SPAIR fat
suppression, 8◦ fa, 3.2 ms TR, 1.3 ms TE, 0.7 halfscan (in z), TFE
factor 69, 332.9 ms shot-duration, 2.1x2.1x3.5 mm voxels,
350x269.5x350 mm FOV, 902 spokes, and 893 kHz BW at 1.5T
MRI simulator.

4D-MRI
liver
patient

transversal
GA Stack-
of-Stars

3D balanced spoiled GRE sequence with GA SoS sampling, SPAIR
fat suppression, 25◦ fa, 4.4 ms TR, 2.2 ms TE, 0.8 halfscan (in z),
TFE factor 74, 410.7 ms shot-duration, 1.3x1.3x3 mm voxels,
400x197x400 mm FOV, 924 spokes, and 568 kHz BW at 1.5T
MRI-linac

4D-MRI
lung
patient

transversal
GA Stack-
of-Stars

3D T1-weighted three echo GRE sequence with GA SoS sampling,
10◦ fa, 8.9 ms TR, [2.1, 4.0, 5.9] ms TE, 0.7 halfscan (in z), TFE
factor 69, 697 ms shot-duration, 1.5x1.5x3 mm voxels,
450x229.5x450 mm FOV, 450 spokes, and 862 kHz BW at 1.5T
MRI-linac
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4.3 Supplementary material

Animated 4D-MRI of a patient with lung cancer (echo 1)
(https://iopscience.iop.org/0031-9155/65/1/01NT02/media/

pmbab5c62supplementary_material_3_echo1.gif)

Animated 4D-MRI of a patient with lung cancer (echo 2)
(https://iopscience.iop.org/0031-9155/65/1/01NT02/media/

pmbab5c62supplementary_material_3_echo2.gif)

Animated 4D-MRI of a patient with lung cancer (echo 3)
(https://iopscience.iop.org/0031-9155/65/1/01NT02/media/

pmbab5c62supplementary_material_3_echo3.gif)
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4.4 Supplementary material

Animated 4D-MRI of a patient with pancreatic cancer
(https://iopscience.iop.org/0031-9155/65/1/01NT02/media/

pmbab5c62supplementary_material_4.gif)

4.5 Supplementary material

Animated 4D-MRI of a patient with liver cancer
(https://iopscience.iop.org/0031-9155/65/1/01NT02/media/

pmbab5c62supplementary_material_5.gif)
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4.6 Supplementary material
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The noise navigator for MRI-guided radiotherapy:

an independent method to detect physiological

motion

R.J.M. Navest, S. Mandija, S.E. Zijlema, B. Stemkens, A. Andreychenko, J.J.W.

Lagendijk, and C.A.T. van den Berg

In press: Phys Med Biol 2020; doi:10.1088/1361-6560/ab8cd8

Abstract

Motion is problematic during radiotherapy as it could lead to potential underdosage of the

tumor, and/or overdosage in OARs. A solution is adaptive radiotherapy guided by MRI.

MRI allows for imaging of target volumes and OARs before and during treatment delivery

with superb soft tissue contrast in any desired orientation, enabling motion management by

means of (real-time) adaptive radiotherapy.

The noise navigator, which is independent of the MR signal, could serve as a secondary

motion detection method in synergy with MR imaging. The feasibility of respiratory motion

detection by means of the noise navigator was demonstrated in Chapter 3. Furthermore,

from electromagnetic simulations (described in Chapter 2) we know that the noise navigator

is sensitive to tissue displacement and thus could in principle be used for the detection of

various types of motion.

In this chapter we demonstrate the detection of various types of motion for three anatomical

use cases of MRIgRT, i.e. torso (bulk movement and variable breathing), head-and-neck

(swallowing) and cardiac. Furthermore, it is shown that the noise navigator can detect

bulk movement, variable breathing and swallowing on a hybrid 1.5T MRI-linac system.

Cardiac activity detection through the noise navigator seems feasible in an MRIgRT setting,

but needs further optimization. The noise navigator is a versatile and fast (millisecond

temporal resolution) motion detection method independent of MR signal that could serve

as an independent verification method to detect the occurrence of motion in synergy with

real-time MRIgRT.
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Introduction

Motion is problematic during radiotherapy as it could lead to potential underdosage

of the tumor, and/or overdosage in OARs. A solution is adaptive radiotherapy guided

by MRI. Currently, there are two clinically used MRIgRT systems that combine an

MRI scanner with a radiation therapy unit [71, 83]. MRI allows for imaging of target

volumes and OARs before and during treatment delivery with superb soft tissue

contrast in any desired orientation [109], enabling motion management by means of

(real-time) adaptive radiotherapy.

Organ displacement due to involuntary (e.g. cardiac motion) or sudden voluntary mo-

tion (e.g. bulk body movements or swallowing) can occur during treatment delivery.

Beam-on MR images could visualize these organ displacements and facilitate real-time

motion management techniques, such as exception gating (e.g. stopping treatment

during bulk body movement or swallowing), repetitive gating (e.g. for respiratory

or cardiac motion), and potentially tumor tracking [23]. These real-time MRIgRT

motion management techniques, however, would require MRI with minimal imaging

latency [24]. Currently, the time required to acquire a full 3D MRI volume (order of

seconds) is too slow for real-time applications. Fast 2D cine MR images could be used

to measure motion [25], but this approach makes it difficult to track through-plane

motion. A solution to both problems is to use a motion model [26], driven by fast 2D

MR images, that estimates the full 3D motion [27, 28, 29, 30, 110, 111]. The validity

of these motion models over time, however, is not guaranteed and would ideally be

tested regularly with an independent motion detection method.

The noise navigator [47, 87] could serve as such a secondary motion detection method

independent of the MR signal. The noise navigator originates from the inherently

present thermal noise measured by a RF receive coil and thus is independent from

the imaging volume or contrast of the MR images. Moreover, the noise navigator

could be acquired during MRI, but motion could also be detected by silent passive

noise measurements during periods MRI is not typically acquired (e.g. recontouring

for MRIgRT) [41, 13]. Finally, the noise navigator can be acquired on a much faster

(millisecond) time scale than MR images.

The feasibility of respiratory motion detection by means of the noise navigator has

been demonstrated in a diagnostic MRI setting [47, 87]. Furthermore, the noise

navigator could be used as respiratory motion surrogate for 4D-MRI generation in
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an MRI simulation for radiotherapy setting [112]. In this chapter we took the next

step to demonstrate the feasibility of the noise navigator as a secondary means to

detect the occurrence of motion for MRIgRT. With the application of MRIgRT in

mind, it would be desirable to detect any occurrence of motion. From Chapter 2

which investigated the physical origins of the noise navigator [88], we know that the

noise navigator in principle can detect (i.e. qualitatively measure) the occurrence of

tissue displacement and thus is not limited to the detection of respiratory motion. To

investigate the feasibility of detecting the occurrence of motion other than respiration,

three different use cases that are relevant for MRIgRT (i.e. torso, head-and-neck and

cardiac) were investigated in an MRIgRT setup. The cardiac use case can be seen as

part of the torso, but will be addressed separately since it is especially challenging to

detect cardiac motion due to the relatively fast yet subtle motion involved.

Torso use case

In the torso, the three principal sources of motion are the beating heart, breathing and

bulk body movement [113]. Previously, we have demonstrated the feasibility of regular

breathing detection using the noise navigator [47, 87] and subsequent respiratory-

correlated 4D-MRI generation [112]. Here, we will focus on variable breathing and

simultaneous breathing and bulk movement detection in a clinical setup on a hybrid

MRI-linac system.

Head-and-neck use case

For HN radiotherapy, it is common practice to restrict motion with immobilization

devices such as thermoplastic masks [114] and a personalized head support [115].

Nevertheless, internal motion like swallowing cannot be restricted with immobilization

devices and swallowing-induced motion of HN tumors are relatively large, i.e. 15-29

mm [116, 117, 118, 119, 120, 121, 122, 123]. Hence, the feasibility of swallowing event

detection was investigated on a hybrid MRI-linac system.

Cardiac use case

The ECG is currently the best method for cardiac activity detection. The ECG signal,

however, can be disturbed by the magnetohydrodynamic effect [124] and requires

careful placement of ECG electrodes leading to longer patient setup times. Moreover,

these ECG skin electrodes and cables could interfere with radiation dose delivery and

thus cannot be used during MRIgRT. The noise navigator, on the other hand, does
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not require additional hardware and should in principle be sensitive to cardiac activity

as shown in Chapter 2. The feasibility of cardiac activity detection by means of the

noise navigator was investigated in the context of MRIgRT.

Methods

MR experiments

Prior to the measurements, all volunteers signed a written informed consent approved

by the institutional review board. All volunteers were between 22 and 34 years old

and had a body mass index between 18.5 and 25.5.

Torso use case Ten healthy volunteers were scanned on a 1.5T MRI-linac system

(Unity, Elekta AB, Stockholm, Sweden). Signal was collected with a clinically used

MRI-linac RF receive array consisting of a four channel posterior array located un-

der the table and four channel anterior array attached to a coil bridge (see Figure

5.1 A). This setup was used for bulk movement and variable breathing detection.

A 2D balanced GRE cine MRI (50◦ FA, 3.4 ms TR, 1.7 ms TE, 2x2 mm2 voxels,

280x560 mm2 FOV, 7 mm slice thickness, 0.625 halfscan, SENSE 1.6, and 1 MHz

BW) was continuously acquired for 350 repetitions (186 ms temporal resolution). For

bulk movement detection the 2D cine MRI slice was placed transversally, whereas for

variable breathing detection the slice was positioned sagittally through the liver and

right kidney. A total of sixty experiments were performed. Each volunteer performed

two experiments in which sudden bulk movement (e.g. due to patient discomfort)

was simulated. Additionally, four experiments with variable breathing, i.e. two with

a variable breathing frequency and two experiments where the volunteers were asked

to switch between an abdominal and thoracic breathing pattern.

Head-and-neck use case Ten healthy volunteers were scanned on a 1.5T MRI-linac

system with a single flexible experimental radiolucent high-impedance RF receive coil

[125, 126] of 19 cm length and 7 cm width (see Figure 5.1 B). This single coil was

connected to the MR scanner via an in-house developed interfacing box that contained

the preamplification and digitization hardware. For swallowing detection, this coil

was positioned on the neck with a velcro strap (see Figure 5.1 C). A sagittal 2D T1-

weighted RF-spoiled incoherent GRE cine MRI (4◦ FA, 4.6 ms TR, 2.2 ms TE, 2x2

mm2 voxels, 150x560 mm2 FOV, 10 mm slice thickness, 0.625 halfscan, and 427 kHz

BW), positioned through the larynx, was continuously acquired for 200 repetitions

(216 ms temporal resolution). A total of seventeen experiments were performed in
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which the volunteer was instructed to swallow two or three times.

Cardiac use case Noise-only experiments were performed on five healthy volunteers

(three male and two female) on a clinical 1.5T MRI scanner (Ingenia MR-RT system,

Philips, Best, The Netherlands) with a single radiolucent high-impedance RF receive

coil fixated at 2 cm to the left of the sternum using a velcro strap (see Figure 5.1 D).

The detection of cardiac activity was validated with simultaneous ECG monitoring on

an MRI scanner, because the ECG signal could not be acquired on the used MRI-linac

system. The noise-only acquisitions were measured with a balanced GRE sequence

(2.47 ms TR and 1 MHz BW) where the gradients and RF-excitation were turned

off. A total of twenty experiments were performed. Two noise-only measurements

were performed during breath hold (18 s duration) and two during free breathing (60

s duration).

Figure 5.1: The torso setup with the clinically used MRI-linac RF receive array (A),
where the coil bridge is indicated by a red arrow. In B, the high-impedance coil is depicted
without any protective material. The head-and-neck and cardiac measurement setup with
the high-impedance coil are shown in C and D, respectively.

Noise navigator calculation

The thermal noise variance was calculated per readout (NN1) using the complex k-

space signal measured by each channel in the clinically used MRI-linac RF receive

array or the high-impedance RF receive coil [87]. For the combination of the channels

in the clinically used MRI-linac RF receive array, a PCA was performed over these

receive channels. For breathing detection, the principal component with the highest

power in the respiratory frequency band 0.05 to 0.8 Hz (i.e. 3 to 48 breaths/min) was

selected [87]. For simultaneous bulk movement and breathing detection, the principal
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component with the highest power between 0 and 0.8 Hz was chosen. For an overview

of the noise navigator calculations per use case see supplementary material 5.1.

Noise navigator post-processing

Prospective applications typically require a minimum latency for acquisition and pro-

cessing. With the application of MRIgRT in mind, processing latencies were mini-

mized by applying a Kalman filter [73] to NN1. Additionally, for the torso and HN

use cases, the average unfiltered noise navigator value per cine MR image (NNim)

was calculated as a general comparison to the cine MR images.

Torso use case A Kalman filter designed to predict respiratory motion [87] was

applied to NN1 to detect motion per readout (i.e. 3.4 ms temporal resolution).

Head-and-neck use case The average thermal noise variance over ten readouts

(NN10) was calculated, resulting in a temporal resolution of 46 ms. Subsequently, a

Kalman filter with random walk model [127] was used to smoothen the signal.

Cardiac use case Two separate parallel Kalman filters were applied to NN1 (i.e.

2.5 ms temporal resolution). One Kalman filter extracted the cardiac activity between

0.7 and 1.4 Hz (i.e. 42 and 84 beats per minute) while the other was specific to detect

the breathing signal [87].

MRI-based displacement calculation

For validation, DVFs were calculated with an optical flow algorithm [78, 77] applied

to the 2D cine MR images in the torso and HN use cases. Optical flow was chosen,

because this method has already been validated and used for torso [78] and HN

[123] anatomical sites. To compare the DVFs and the noise navigator, the mean

displacement within a ROI was calculated.

The ROI depended on the motion of interest. The full anatomy was selected for the

transversally positioned torso MR images for simultaneous bulk body movement and

respiration detection. Only the top half of the liver was selected for the sagittal torso

MR images used for respiratory motion detection. Finally, an ROI containing the

larynx was selected for swallowing detection in the HN use case.

Motion detection validation

2D cine MR images The correlation and Kullback-Leibler (KL) convergence [128]

between NNim and the MRI-based displacement was calculated to serve as a general

comparison for the torso and HN use cases. Additionally, the correlation and KL
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convergence between the Kalman-filtered noise navigator (i.e. NN1 for the torso and

NN10 for the HN use case) and MRI-based displacement were calculated after linearly

interpolating the Kalman-filtered noise navigator to match the time samples of the

MRI-based displacement.

For swallowing event detection in the HN use case, thresholding of the Kalman-

filtered NN10 was performed. The thermal noise variance threshold of 1.8% was

empirically determined over a total of seventeen measurements on ten subjects. The

events detected by the Kalman-filtered NN10 with this threshold and the MRI-based

displacement were compared.

ECG For the cardiac use case, the Kalman-filtered NN1 was validated against the

simultaneously acquired ECG signal in both the frequency and temporal domain.

Trigger signals were calculated by performing peak detection on the noise navigator

and ECG. The stability of the noise navigator trigger signal was evaluated by calculat-

ing the SD of the time difference between the triggers provided by the noise navigator

and ECG. Furthermore, the cross-correlation between the two trigger signals was

calculate to obtain the trigger delay.

Results

Torso use case

Figure 5.2 shows the MRI-based displacement and noise navigator for an experiment

where the breathing frequency varied over time. Notice that NNim and MRI-based

displacement are very similar. Furthermore, the mean absolute correlation between

these two was 0.93 over all volunteer measurements. All absolute correlations were in

the range 0.66 to 0.96 (see supplementary material 5.2). Similarly, the Kalman-filtered

NN1, with an approximately 55 times higher temporal resolution than the 2D cine

MRI, had a good mean absolute correlation of 0.88 with the MRI-based displacement

(range 0.56 to 0.93). Furthermore, all KL convergence with respect to the MRI-

based displacement was below 0.12 and 0.2 for NNim and NN1, respectively (see

supplementary material 5.3). The only discrepancy observed between the Kalman-

filtered NN1 and the MRI-based displacement is the negative baseline shift between

13 and 20 seconds, that is not detected by the Kalman-filtered NN1. The MR images

corresponding to the encircled numbers next to the curves indicate exhale, inhale and

deep inhale in increasing order. The yellow line in the MR images shows the position

of the liver dome in exhale. See supplementary material 5.4 for an animated figure

85



5

Chapter 5

of this measurement. Additionally, supplementary material 5.5 shows an animated

figure of a measurement in which the volunteer performed thoracic breathing during

the first thirty seconds and afterwards continued with abdominal breathing.
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Figure 5.2: Representative volunteer measurements containing a variable breathing fre-
quency. The temporal resolution is indicated in the legend. The optical flow (red) and
NNim (dashed blue) were calculated per cine MR image. By applying a Kalman filter per
readout (green), a 55 times higher temporal resolution could be achieved for the noise nav-
igator. The encircled numbers indicate the time point depicted in the corresponding MR
images.

Figure 5.3 shows that the noise navigator can be simultaneously used to detect res-

piration, as demonstrated by the periodic modulation, and bulk movement (at 19

seconds). Moreover, the different positions of the body before and after the bulk

body shift were detected by the noise navigator and could be independently observed

in the MR images corresponding to the encircled numbers next to the curves. Note
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that there is through-plane motion, a slightly different contrast, and image masking

(on the left of MR image 3 ) as a result of the bulk motion. See supplementary ma-

terial 5.6 for an animated figure of this measurement. The mean absolute correlation

between the NNim and MRI-based displacement was 0.85. All absolute correlations

were in the range 0.74 to 0.99 (see supplementary material 5.2). Furthermore, all KL

convergence were between 0.002 and 0.34, with a mean of 0.05 (see supplementary

material 5.3). Similarly, a mean absolute correlation of 0.71 (range 0.65 to 0.98) was

found between the Kalman-filtered NN1 and MRI-based displacement. Addition-

ally, a mean KL convergence of 0.07 (range from 0 to 0.52) was found. The largest

discrepancies between the MRI-based displacement and Kalman-filtered NN1 were

observed immediately after a bulk movement event (e.g. Figure 5.3 between 19 and

20 seconds).
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Figure 5.3: An example of bulk movement detection containing a bulk body shift on a
healthy volunteer. The temporal resolution is indicated in the legend. The optical flow (red)
and NNim (dashed blue) were calculated per cine MR image. By applying a Kalman filter
per readout (green), a 55 times higher temporal resolution could be achieved for the noise
navigator. The encircled numbers indicate the time point depicted in the corresponding MR
images.
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Head-and-neck use case

Figure 5.4 shows a representative volunteer measurement, containing two swallowing

events, performed with a high-impedance RF receive coil. Notice that NNim and the

Kalman-filtered NN10 agree well. With a simple threshold (dashed magenta line),

92% of all 38 swallowing events were correctly detected based on the Kalman-filtered

NN10. In addition to the correctly detected swallowing events, six false-positives were

detected and three swallowing events were not detected. The MR images correspond-

ing to the encircled numbers next to the curves indicate the onset and maximum

larynx displacement of a swallowing event in increasing order. Notice the inferior

image quality in the back of the neck caused by the larger distance of the anatomy

to the single receive coil. See supplementary material 5.7 for an animated figure.

Additionally, see supplementary material 5.8 for swallowing detection examples in six

other volunteers.

The correlation between NNim and the MRI-based displacement was in the range

of 0.06 and 0.75, with a mean value of 0.37 (see supplementary material 5.2). The

NN10 with an approximately five times higher temporal resolution yielded a similar

mean correlation of 0.36 (range between 0.08 and 0.77). All KL convergence with

respect to the MRI-based displacement was below 0.07 and 0.06 for NNim and NN10,

respectively (see supplementary material 5.3).

Cardiac use case

In Figure 5.5 A, the spectral peak related to cardiac and respiratory motion detected

with a high-impedance RF receive coil can be seen in the unfiltered NN1 frequency

spectrum at 0.76 Hz (i.e. 45.6 beats per minute) and 0.24 Hz (i.e. 14.4 breaths per

minute), respectively. Notice that amplitudes of the detected cardiac activity (i.e. 1.6)

and respiration (i.e. 1.5) are comparable. A good match between the noise navigator

and ECG signal was observed (see Figure 5.5 B). Additionally, respiration (see Figure

5.5 C) could be extracted simultaneously with cardiac activity. For another example

of simultaneous cardiac and respiratory motion detection in a different volunteer see

supplementary material 5.9.

Cardiac activity could be detected for all three male volunteers during breath hold (see

supplementary material 5.10). During free breathing, cardiac activity and respiration

was observed in two male volunteers and only respiration was observed in the other

male volunteer. In the female volunteers cardiac activity could not be detected with
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Figure 5.4: A representative swallowing detection example on a healthy volunteer. The
cyan rectangles indicate the swallowing events and the horizontal dashed magenta line in-
dicates the thermal noise variance threshold. The temporal resolution is indicated in the
legend. The optical flow (red) and NNim (dashed blue) were calculated per cine MR image.
By applying a Kalman filter per 10 readouts (green), a 4 times higher temporal resolution
could be achieved for the noise navigator. The encircled numbers indicate the time point
depicted in the corresponding MR images.

the noise navigator (see supplementary material 5.11).

A mean SD of 0.28 seconds (range between 0.23 and 0.32) was found for the time

difference between triggers based on the noise navigator and ECG in breath hold.

During free breathing experiments the SD was between 0.33 and 0.42 (mean 0.37 sec-

onds). A mean trigger delay of 0.2 seconds was found for the breath hold experiments

with a range between 0.01 and 0.57 seconds. Furthermore, a trigger delay between

-0.77 and 0.07 seconds with a mean of -0.28 seconds was found during free breathing

experiments.
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Figure 5.5: An example free breathing experiment on one of the healthy male volunteers.
The frequency spectrum (A) shows both cardiac and respiratory motion in the unfiltered
NN1. The cardiac NN1 shows a peak just before the R-top in the ECG (B). In C the
breathing extracted from NN1 is shown.

Discussion

We investigated the use of the noise navigator for the detection of different types

of motion for three anatomical use cases of MRIgRT, i.e. torso, HN and cardiac.

In this chapter it was shown that the noise navigator can be used as an independent

verification method to detect the occurrence of physiological motion with a subsecond

resolution in an MRIgRT setting.

We do not foresee that the noise navigator can replace MR imaging as guidance

modality, but it could serve a role in a number of applications of MRIgRT. Although

online 3D MR imaging provides superior guidance of radiotherapy, it comes with some

downsides. 3D acquisitions are inherently time-consuming and the 3D reconstruction

process adds even more time (latency). As a consequence, at least several seconds

are typically required to obtain 3D motion information. Motion occurring within this

acquisition window will result in motion artifacts in the 3D images. The synergy of

the noise navigator with MRI stems from the fact that the occurrence of motion can

be detected on a much faster time scale. Furthermore, in the case of online 3D motion

tracking using a 3D motion model [27, 28, 29, 30, 110, 111], the validity of the motion

model might be constantly verified with the noise navigator. Additionally, the noise

navigator could be utilized to monitor physiological functions, such as respiration and

cardiac rates during therapy, and provide e.g. an independent secondary trigger signal

for exception gating.

In line with this, the ability of the noise navigator to detect motion on a readout basis
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offers the potential to reduce the impact of motion artifacts in diagnostic MR images.

For instance the detection of movements with a short duration, like swallowing, could

be used to discard readouts corrupted by motion that would deteriorate image quality

[53].

The main benefit of the noise navigator comes from the fact that it provides a sec-

ondary means to detect motion. An additional useful quality of the noise navigator is

that it comes for free during MR signal reception or can be acquired separately using

passive, silent noise-only measurements (without gradient operation and RF excita-

tion). This could be exploited for instance during recontouring/replanning where

silent passive noise measurements could be used to detect whether the patient has

moved and new MR imaging is required.

For these purposes, however, the demonstrated detection of the occurrence of various

types of motion requires further results to prove robust use of the noise navigator in

an MRIgRT setting. Nevertheless we believe that this chapter provides a proof-of-

principle.

Torso use case

We have demonstrated a good correlation and KL convergence between the MRI-based

displacement and NNim for a total of sixty experiments, including bulk movement

and variable breathing, in ten healthy volunteers on a hybrid MRI-linac system. Fur-

thermore, a Kalman filter was applied to NN1, which allowed for motion detection

approximately 55 times faster than with the 2D cine MR images used for validation.

With this Kalman filter, however, it is possible that a sudden displacement shift (e.g.

see Figure 5.2 A between 13 and 20 seconds) is underestimated because it is currently

not described by the model driving the Kalman filter predictions. Moreover, the used

respiratory motion model (i.e. a sine wave) underlying the Kalman filter prediction

does in principle not properly describe bulk movement. This resulted in discrepancies

between the Kalman-filtered NN1 and MRI-based displacement immediately after a

bulk motion event (e.g. Figure 5.3 between 19 and 20 seconds). Nevertheless, both

breathing and sudden bulk movement could be detected by the Kalman-filtered NN1.

Accurate respiratory motion detection even continued after the occurrence of bulk

movement indicating the robustness of the method. Note that after a bulk body

shift, the baseline signal of the noise navigator was lowered indicating that the body

position is different from the initial position (see Figure 5.3). This is also confirmed by
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the MR images. Thus, monitoring of the noise navigator could potentially provide a

simple and high temporal means to qualitatively detect gradual drift in body position.

Head-and-neck use case

Swallowing detection was not feasible with the clinically used MRI-linac RF receive

array (data not shown here), because of the elevated coil setup, similar to Figure

5.1 A, and relatively large coils (i.e. approximately 45 cm length and 13 cm width).

With a smaller radiolucent high-impedance RF receive coil (i.e. 19 cm length and

7 cm width), which is closer to the anatomy of interest it was possible to detect

swallowing events through the noise navigator visually.

The mean correlation between the MRI-based displacement and the noise naviga-

tor (i.e. NNim and NN10) was relatively low due to the random fluctuations in the

baseline when no swallowing event occurred. The KL convergence showed a good cor-

respondence between NNim and NN10 and the MRI-based displacement. Moreover,

combined with a simple thresholding method, 92% of all swallowing events could be

detected automatically.

The drift observed after 20 seconds in Figure 5.4, is most likely physiologic as it was

not observed in all volunteers (see supplementary material 5.8 for more examples).

Furthermore, a noise-only acquisition was performed on a solid static phantom for 32

minutes in which no drift was observed (see supplementary material 5.12).

We are convinced that in combination with a dedicated HN receive array made up

of high-impedance coils [129, 89], swallowing detection through the noise navigator

would be feasible in a clinical setup on an MRI-linac system. The swallowing detection

sensitivity would be increased by exploiting the additional information of multiple RF

receive channels around the neck in such a setup. In addition to an improved measure-

ment setup, the post-processing could be optimized. The Kalman filter predictions

could be improved by replacing the random walk model by a model that better de-

scribes the motion. Furthermore, it might be worthwhile to explore the possibility of

replacing the Kalman filter by time series forecasting using recurrent neural networks

[130].

Cardiac use case

It was feasible to detect cardiac activity during breath hold in all three males, but

failed in both female volunteers. It is hypothesized that a lower cardiac activity

imprint in the noise navigator for females is caused by the larger distance between
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the coil and the heart due to the presence of breast tissue. As the coil position with

respect to the heart was optimized on a single male volunteer, repeating this for a

female could yield improved results.

During free breathing, cardiac activity could be detected in two out of three male vol-

unteers. In the third volunteer only respiration was visible. The respiratory motion

imprint in the noise navigator is typically a factor ten higher than the cardiac imprint,

which makes it challenging to detect cardiac activity in the presence of breathing.

Nevertheless, based on these initial results, we believe that cardiac activity detec-

tion with the noise navigator is possible. Currently, however, interference between

respiration and cardiac-induced modulation in the thermal noise, causes amplitude

variations and timing variations between the noise navigator and the ECG signal (see

Figure 5.5 B). This is supported by the relatively high SD observed on the time differ-

ence between triggers based on the noise navigator and ECG. It could be speculated

that respiration during the cardiac activity detection experiment does affect the noise

navigator. Note, however, that there is a large spread in trigger delay values. Due to

the relatively low amount of measurements, it is not possible to derive a statistically

significant conclusion from these values.

We believe that improved processing (e.g. using time series forecasting using recur-

rent neural networks) and a measurement setup with multiple RF receive channels

could enhance the separation between cardiac and respiration induced modulations.

Moreover, the additional information provided by the noise covariances of receive ar-

ray channels close to the heart will be investigated as this can enhance the spatial

sensitivity in the heart [88] and minimize thermal noise modulation from other spatial

body regions. Here, we showed the cardiac activity detection feasibility with a single

high-impedance coil. The noise navigator, however, is not restricted to this type of

coil. The experiment at the MRI scanner was repeated on one of the male volunteers

with a clinically used traditional (low-impedance) 10 cm diameter loop coil provided

by the vendor and cardiac activity was observed in this case too.

Noise navigator limitations

The stochastic nature of the noise navigator could be a limitation. Generally, de-

pending on the application, a compromise between temporal resolution and thermal

noise variance estimation accuracy has to be made. The variance estimation precision

increases with the square root of the number of samples [87]. A higher precision for
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variance estimation can be achieved by combining the thermal noise samples of multi-

ple readouts at the cost of temporal resolution. This compromise could be avoided by

using the pilot tone navigator [43]. The underlying physics of the noise navigator and

pilot tone navigator are identical, the only difference is that the pilot tone navigator

uses active signal generation whereas the noise navigator utilizes the passive thermal

noise. Hence, it is expected that the various types of motion that can be detected with

the noise navigator could be detected with the pilot tone navigator too. The active

signal generation required for the pilot tone navigator, however, requires additional

dedicated hardware and careful calibration to prevent interference with MR imaging.

The main limitation of the noise navigator (and pilot tone navigator), however, is the

lack of quantitative displacement information provided by the noise navigator. This

problem could be overcome with a (direct correspondence) motion model [26] that

converts the noise navigator modulation to displacement. In principle the noise nav-

igator could be extended from the current implementation to a more general concept

where instead the NCM adds spatial selectivity and sensitivity due to the different

physical locations of the channels within an RF receive array [88]. The feasibility

of 2D respiratory liver motion estimation with a linear motion model that uses the

temporal behavior of the NCM as motion surrogate has already been shown [63].

Motion evaluation

In the torso and HN use cases, an optical flow algorithm applied to 2D cine MR images

was used as ground truth for motion evaluation. These 2D cine MR images capture the

physiological motion of interest when positioned correctly with a sufficient temporal

resolution. However, this method assumes that all image intensity variations are

caused by displacement within the image. This assumption is not valid in cases with

through-plane motion (e.g. respiratory motion for transversal images). Furthermore,

during swallowing a saliva bolus, which is hyperintense in the T1-weighted cine MR

images, passes through the throat. Even though the assumption of preservation of

image intensity is violated, it is still possible to detect motion. The quantification of

motion, however, could be under- or overestimated.

Conclusion

The noise navigator can detect bulk movement, variable breathing and swallowing

on a hybrid MRI-linac system. Cardiac activity detection through the noise navi-

gator seems feasible in MRIgRT setting, but needs further optimization. The noise
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navigator is a versatile and fast (millisecond temporal resolution) motion detection

method independent of MR signal that could provide additional independent infor-

mation about the occurrence of a variety of motion types in synergy with MRI for

MRIgRT.
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5.1 Supplementary material

Use case Noise navigator calculation

Torso
(bulk and
respiratory
motion)

The thermal noise variance was calculated per readout. For channel
combination the principle component with the highest power in the
respiratory frequency band 0.05 to 0.8 Hz was selected (i.e. NN1).
A Kalman filter with respiration model was applied to NN1.
Additionally, NNim was calculated by averaging all NN1 per cine
MR image.

Torso (res-
piration)

The thermal noise variance was calculated per readout. For channel
combination the principle component with the highest power in the
frequency band 0 to 0.8 Hz was selected (i.e. NN1). A Kalman
filter with respiration model was applied to NN1. Additionally,
NNim was calculated by averaging all NN1 per cine MR image.

Head-and-
neck
(swallow-
ing)

The noise navigator was calculated per readout (i.e. NN1). NN10

was defined as the average over all NN1 per ten readouts. A
Kalman filter with random walk model was applied to NN10.
Additionally, NNim was calculated by averaging all NN1 per cine
MR image.

Cardiac
(free
breathing
and breath
hold)

The noise navigator was calculated per readout (i.e. NN1). Two
separate parallel Kalman filters were applied to NN1. One Kalman
filter extracted the cardiac activity between 0.7 and 1.4 Hz. The
second Kalman filter used a respiration model.

5.2 Supplementary material

NNim NNim NNim Kalman Kalman Kalman

Correlation
coefficient

mean min max mean min max

bulk and respiratory
motion

0.93 0.66 0.96 0.88 0.56 0.93

variable breathing 0.85 0.74 0.99 0.71 0.65 0.98

swallowing 0.37 0.06 0.75 0.36 0.08 0.77
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5.3 Supplementary material

NNim NNim NNim Kalman Kalman Kalman

KL convergence mean min max mean min max

bulk and respiratory
motion

0.048 0.002 0.34 0.068 0 0.525

variable breathing 0.041 0 0.12 0.047 0.003 0.203

swallowing 0.025 0 0.074 0.024 0 0.061

5.4 Supplementary material

Animated variable breathing detection
(https://s4.gifyu.com/images/supplementary_materialA1.gif)

5.5 Supplementary material

Animated thoracic to abdominal breathing detection
(https://s4.gifyu.com/images/supplementary_materialA2.gif)
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5.6 Supplementary material

Animated simultaneous respiration and bulk movement detection
(https://s4.gifyu.com/images/supplementary_materialA3.gif)

5.7 Supplementary material

Animated swallowing detection
(https://s4.gifyu.com/images/supplementary_materialA4.gif)
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5.8 Supplementary material
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5.10 Supplementary material
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5.12 Supplementary material
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Summary & Discussion

Physiological motion during MRI leads to a corrupted representation of the anatomy.

As a result, MR images can become useless for clinical diagnosis and treatment plan-

ning, and reduce MRI-guided treatment efficacy. A motion surrogate is required to

apply motion correction to diagnostic MRI, generate 4D-MR images for MRI simula-

tion and allow for motion management techniques for MRI-guided treatments. In this

thesis, a novel motion surrogate for MRI, based on thermal noise, was investigated.

This method is called the noise navigator.

Underlying physics

The first effort of this thesis was to gain a deeper understanding as to why the noise

navigator is able to detect physiological motion. Chapter 2 investigated the physical

relationships behind the noise navigator through electromagnetic simulations. These

simulations were validated with measurements on healthy volunteers using a network

analyzer (see Supplementary material 2.2) and MRI.

Noise navigator variations origins

For respiratory motion there are two mechanisms that alter the spatial dielectric tis-

sue property distribution within the body which can cause variations in the noise

navigator. First there is tissue displacement and secondly there is the variation of

the dielectric lung tissue properties due to inflation and deflation of the lungs. A

major finding was that the dielectric lung tissue property variations over the respi-

ratory cycle have a negligible contribution to the noise navigator compared to tissue

displacement (see Figure 2.4). This means that the noise navigator in principle is

not only susceptible to respiratory motion, but any physiological motion that causes

tissue displacement.

RF receive coil positioning effect

The largest effect on the physiological motion imprint in the thermal noise was found

to be the position of the RF receive coil with respect to the body. This can be

understood as the reciprocal electric field of an RF receive coil essentially acts as

a spatial encoding (see Figure 2.8). The amplitude of this reciprocal electric field

decreases with increasing distance from the RF coil.
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Another manifestation of the effect of the position of the RF receive coil with respect

to the body is described in Chapter 2. A stationary coil elevated 3 cm away from

the middle of the chest (i.e. radiotherapy setup) yielded an approximately ten times

higher respiratory signal than an on-body coil moving along with the chest during

respiration (i.e. diagnostic setup). This was caused by the fact that the distance

between the chest wall and the RF receive coil changed throughout the respiratory

cycle in the radiotherapy setup, whereas the distance between the RF receive coil and

the chest wall was constant in the diagnostic setup. As a result, the noise naviga-

tor is predominantly modulated by internal organ motion in a diagnostic setup and

to chest wall displacement in a radiotherapy setup (see Figure 2.6 C, F, I ,and J).

Furthermore, it was observed that the noise navigator yielded a respiratory surrogate

with an opposite modulation pattern in the diagnostic and radiotherapy setup (see

Figure 2.5). This means the noise navigator corresponded with FH displacement in

diagnostic setup and with AP displacement in radiotherapy setup.

Thermal noise covariance

In practice a receive array consisting of multiple RF receive coils is usually used instead

of a single RF receive coil. Each of these RF receive coils within an array yields a

motion surrogate (i.e. thermal noise variance) with a spatial sensitivity according to

the reciprocal electric field of each coil (see the diagonal of Figure 2.8). In addition

to these thermal noise variances, each combination of two RF receive coils yields

another motion surrogate (i.e. thermal noise covariance) with a spatial sensitivity in

the region of the body where the reciprocal electric fields of the two individual coils

overlap (see the off-diagonal of Figure 2.8). As a result, the physiological motion is

observed by the various thermal noise (co)variances measured by an RF receive array

with multiple unique spatial encodings.

Diagnostic MRI

Chapter 3 had a more practical nature. Here the signal processing required to extract

the noise navigator was investigated.

Signal processing

As shown in Chapter 3, the noise navigator can be acquired simultaneously with MR

images. The compatibility of the noise navigator with simultaneously acquired 2D

MR images with different imaging slice orientations and contrasts was demonstrated
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(see Figure 3.4). This is possible by spatially disentangling the thermal noise samples

and the MR signal through a 1D Fourier transform in readout direction (see Figure

3.1). Note that this method only works in case of a linear readout (e.g. cartesian or

radial). When the thermal noise samples are separated from the MR signal, there is

only a limited amount of thermal noise samples available per readout. This limited

number of thermal noise samples per readout causes a thermal noise (co)variance

estimation uncertainty that decreases with the square root of the number of samples

(see Figure 3.2).

Channel combination Generally, an RF receive array containing multiple channels

is used for acquisition. This means that the physiological motion is simultaneously

observed by these channels with a different spatial sensitivity. It was found that

for respiratory motion the robustness of the noise navigator could be enhanced by

combining the thermal noise variance of the multiple receive channels within an RF

receive array. Intuitively, this can be understood by the fact that respiratory motion

causes tissue displacement throughout the thorax and abdomen, which is observed by

almost all channels within an RF receive array.

Kalman filter The thermal noise (co)variance estimation uncertainty due to the lim-

ited number of thermal noise samples per readout obscures the physiological motion

imprint and creates the need for a filter to reveal it. With prospective applications in

mind (e.g. prospective motion correction or motion tracking), a prospective Kalman

filter was designed. Even though the sinusoidal model driving the Kalman filter

assumes a periodic motion, respiratory motion was even detected correctly during

experiments containing breath holds (see Figure 3.5) due to the adaptive nature of

the Kalman filter.

Application

A strong temporal correlation was observed between the noise navigator and the respi-

ratory displacement, calculated from simultaneously acquired 2D cine MR images, for

experiments containing regular respiration and breath holds on ten healthy volunteers

in a diagnostic setup. A potential application of the noise navigator for diagnostic

MRI could be motion compensation. It is possible to identify readouts corrupted by

motion with the noise navigator. Artifact reduction could be achieved retrospectively

by discarding these corrupted readouts in an iterative parallel imaging reconstruction

[53]. Even better would be to use prospective motion correction, which in princi-
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ple should be feasible with the low-latency implementation of the noise navigator as

presented in Chapter 3.

Alternative thermal noise measurement method

The method to measure thermal noise by spatially disentangling the simultaneously

acquired MR signal and thermal noise through a 1D Fourier transform is not the only

option. In principle thermal noise could be acquired during so called dead-time (i.e.

time during which no gradients and RF-excitation are used) in an MRI sequence. To

ensure that only thermal noise is measured during dead-time, signal could be acquired

off-resonance (e.g. 500 kHz offset) with the MR signal. As a result, any residual MR

signal would not be detected anymore.

MRI simulation

As shown in Chapter 4, it is feasible to generate respiratory-correlated 4D-MR images

based on phase binning of the acquired k-space data where the noise navigator served

as respiratory surrogate. Additionally, the compatibility of the noise navigator with

3D MRI sequences with either a cartesian or radial readout strategy was shown.

Phase binning

First various respiratory motion surrogates were compared directly, secondly the phase

binning based on these different motion surrogates was compared. A good temporal

correlation between the noise navigator and the self-navigation reference method was

found for cartesian and radial readout strategies (see Figure 4.1). Furthermore, the

respiratory phase bin agreement between the noise navigator and self-navigation ref-

erence method was higher than the agreement between the respiratory bellows and

the self-navigation reference (see Figure 4.2). This indicates that the noise navigator

correlates better with internal anatomy motion than the respiratory bellows.

4D MR image

The resulting respiratory-correlated 4D-MR images generated based on the noise nav-

igator were qualitatively comparable to the image quality of the 4D-MR images based

on the reference method for cartesian and radial readout strategies (see Figures 4.3

and 4.4). Moreover, it was shown that streaking artifacts could be reduced by sorting

the 4D-MRI based on the noise navigator compared to the self-navigator (see Figure

4.3). In this particular case, the self-navigator, depending on the signal of the k-space

center, was corrupted by direction dependent eddy currents that made the phase
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binning rotation angle dependent (see Supplementary material 4.7). As the noise

navigator does not depend on MR signal, it is immune to MR signal distortions that

could be harmful to methods that rely on the MR signal, such as the self-navigator.

In addition to the image quality comparison, the liver displacement was quantified

based on the 4D-MR images and compared to the reference displacement in 2D cine

MR images acquired in the same exam but not simultaneously (see Table 4.1). The

mean liver displacement of the 4D-MRI was not significantly different from the refer-

ence.

Amplitude binning

For amplitude binning, there is another requirement, i.e. the respiratory surrogate

should provide quantitative motion information. The noise navigator currently only

provides a qualitative respiratory surrogate (that is sufficient for phase binning).

Throughout this thesis, however, a good correlation was found between the noise

navigator and respiratory displacement. Moreover, in Chapter 2 a linear relationship

was found between displacement and the noise navigator. Hence, a simple linear

model would most likely be sufficient to make the noise navigator quantitative and

enable amplitude binning. A downside of a motion model is that it might require

patient-specific calibration scan to make it reliable, but this has to be investigated.

MRI-guided radiotherapy

In Chapter 3 and 4 the focus was mainly on respiratory motion, but in Chapter 2

it was shown that the noise navigator in principle is sensitive to any physiological

motion. In Chapter 5 this was demonstrated for simultaneous bulk body movement

and respiration detection in the torso, swallowing detection in HN, and cardiac activity

detection. Furthermore, the compatibility of the noise navigator with a hybrid MRI-

linac system was demonstrated. For MRIgRT applications the noise navigator could

serve as a secondary physiological motion monitoring method. The main benefit is

the high temporal resolution (order of milliseconds) at which the noise navigator can

detect the occurrence of motion in comparison to the primary 3D MRI-based motion

detection (order of seconds).

Torso use case

Both breathing and sudden bulk movement could be detected by the Kalman-filtered

noise navigator designed in Chapter 3. Accurate respiratory motion detection even
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continued after the occurrence of bulk movement indicating the robustness of the

method. Note that after a bulk body shift, the baseline signal of the noise navigator

was lowered indicating that the body position is different from the initial position

(see Figure 5.3). This is also confirmed by the MR images. Thus, monitoring of the

thermal noise (co)variances could potentially provide an additional simple and passive

means to detect gradual drift in body position with the currently standard MRI-linac

measurement setup.

Head-and-neck use case

Swallowing induces displacement with a relatively large amplitude (15-29 mm) during

a short (subsecond) duration of time. The noise navigator has sufficient temporal

resolution and can detect swallowing with a single RF receive coil positioned on

the neck (see Figure 5.4). As expected from the findings in Chapter 2, swallowing

detection with the clinically used MRI-linac RF receive array was not feasible. This

can be explained by the elevated anterior array (indicated with a red arrow in Figure

5.1 A) and relatively large coils (i.e. approximately 45 cm length and 13 cm width).

Assuming a dedicated HN receive array made up of radiolucent high-impedance coils

[129, 89] would be available, swallowing detection through the noise navigator should

be feasible in a clinical setup on an MRI-linac system. The swallowing detection

sensitivity would be increased by exploiting the additional information of multiple

RF receive channels around the neck in such a setup. The presented swallowing

detection could be used to mitigate motion artefacts or provide a motion surrogate

for exception gating during radiation delivery. Furthermore, it might be possible to

check whether the anatomy returns to the same position.

Cardiac use case

With a single RF receive coil positioned close to the heart (see Figure 5.1 D), it was

feasible to detect cardiac activity during breath hold in all three male volunteers. In

the two female volunteers, however, no cardiac activity was detected. Based on Chap-

ter 2, it is hypothesized that a lower cardiac activity imprint in the noise navigator

for females is caused by the larger distance between the coil and the heart due to the

presence of breast tissue.

During free breathing, cardiac activity could be detected in two out of three male

volunteers. In the third volunteer only respiration was visible. The respiratory motion

imprint in the noise navigator is typically a factor ten higher than the cardiac imprint,
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and can interfere with cardiac activity detection. Nevertheless, based on these initial

results, we believe that cardiac activity detection with the noise navigator is possible.

Comparison to clinical standard surrogates

The detection of respiratory motion through the noise navigator was researched ex-

tensively throughout this thesis and it could be concluded that the noise navigator can

compete with the respiratory bellows. Moreover, the noise navigator demonstrated a

higher correlation with internal organ motion than the respiratory bellows in Chapter

4.

For cardiac activity detection in diagnostic MRI, the ECG remains uncontested. The

noise navigator can, at this point, not detect cardiac activity reliably and further

investigation is needed. Nevertheless, the first feasibility of cardiac activity detection

was demonstrated in Chapter 5 and improvements by incorporating the thermal noise

covariances between receive channels look promising (see Chapter 2).

Future perspectives

In this thesis the use of the noise navigator as respiratory surrogate was demonstrated

for diagnostic MRI (Chapter 3) and MRI simulation (Chapter 4). Furthermore, ac-

cording to Chapter 2 the noise navigator is susceptible to all tissue displacement and

not just respiration. This was demonstrated for bulk body movement, swallowing and

cardiac activity in an MRIgRT setting in Chapter 5.

Cardiac activity detection

Currently, interference between respiration and cardiac-induced modulation in the

thermal noise makes it hard to detect cardiac activity. In Figure 2.8 B and F, the

simulations showed that the covariance between two loop coils that overlap over the

heart arises from a focused spatial region containing the heart. This would lower the

imprint of respiration significantly (see Figure 2.9), leading to an improved means

to detect cardiac activity. Thus, through the thermal noise covariance it could be

feasible to enhance cardiac activity detection compared to the thermal noise variance

alone.

Motion tracking

For MRIgRT, 3D DVFs are required and currently the noise navigator cannot provide

this. The spatial encoding provided by the thermal noise covariance of a dense RF

receive array, however, could potentially be used to drive a 3D motion model. The
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feasibility of driving a 2D motion model by the NCM [63] was already shown and

extended to a 3D motion model [131]. Nevertheless, with the understanding gained

in Chapter 2, this 3D motion model could be improved. A model of the electric

field could be taken into account as this essentially is the spatial encoding function

of the NCM. With the known spatial encoding function the 3D motion model could

be further simplified by excluding the elements of the NCM that do not yield enough

information about the anatomy of interest.

Measurement frequency effect

For the extension of the noise navigator to other static magnetic field strengths, the

change in measurement frequency has to be taken into account. There is a com-

plex relationship between the measurement frequency (which is linearly related to the

static magnetic field strength through the gyromagnetic ratio) and the noise navi-

gator. Firstly, the frequency of the reciprocal electric field, which depends on the

measurement frequency, governs the penetration depth in the body. This means that

the noise navigator will relatively be more susceptible to superficial tissues at higher

static magnetic field strengths. Secondly, the dielectric tissue properties are different

at different frequencies. This potentially affects the penetration depth as well and

could alter the spatial encoding described by the reciprocal electric field generated by

an RF coil.

In addition to direct effects of the measurement frequency, there is a practical effect.

At high static magnetic field strengths, it is common to use different types of RF

receivers (e.g. a fractionated dipole antenna). The reciprocal electromagnetic fields

generated by another type of RF receiver probes could significantly differ from the

RF receive loop coil investigated in Chapter 2. Hence, the spatial origin and motion

sensitivity of the noise navigator depends on the used RF receiver.

Reciprocal equivalent

Self-navigation based on the reflected RF power of a transmit/receive coil measured

during an RF pulse in the MRI sequence is governed by the same physics as the

noise navigator and can be regarded as a reciprocal equivalent. For the applications

described in this thesis, the noise navigator would be more suitable as it is readily

available due to its passive nature and does not require hardware modifications. Nev-

ertheless, at high static magnetic field strength (≥ 7T) it is common to use local

transmit/receive coils and have built in directional couplers, which enables the use of
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the reflected RF power method. Due to the active signal generation, the reflected RF

power method would be superior to the noise navigator due to its increased motion

sensitivity.

Noise navigator synergy

Self-navigation based on the MR signal itself is a powerful method that could be used

for diagnostic MRI, MRI simulation and MRIgRT. As the noise navigator as well

as self-navigation come for free and offer complementary information due to their

different physical origins, a combination of both methods would be expected to yield

a more robust motion surrogate.

For MRIgRT, the noise navigator could be used in synergy with the MRI acquisition

dedicated to monitor motion in 3D. As the noise navigator does not depend on MR

signal and is acquired simultaneously, it could serve as a fast (millisecond temporal

resolution) secondary motion monitoring method.
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Samenvatting

Door het superieure contrast tussen de verschillende organen en tumor in MRI beelden

in vergelijking met andere beeldvormende technieken, wordt MRI steeds meer gebruikt

in de radiotherapie. Voor diagnose is MRI al standaard en door de recente klinische

beschikbaarheid van hybride MRI-linac apparaten, waarmee MRI beelden tijdens de

bestraling gemaakt kunnen worden, zal de rol van MRI alleen nog maar groeien. Er

zijn drie onderdelen waarin MRI gebruikt wordt, namelijk voor diagnose, voor het

maken van een behandelplan en voor het sturen van de radiotherapie. Tijdens alle

drie de onderdelen is fysiologische beweging (bijvoorbeeld ademhaling) een probleem.

Door fysiologische beweging tijdens een MRI scan ontstaat een verkeerde represen-

tatie van de anatomie met verstoringen in de beelden. Als gevolg hiervan kunnen de

MRI beelden niet meer gebruikt worden voor klinische diagnose en het maken van

behandelplannen voor radiotherapie. Tijdens de radiotherapie zelf kan fysiologische

beweging ervoor zorgen dat niet genoeg straling in de tumor terecht komt en/of de

omliggende gezonde organen teveel straling krijgen.

Als de beweging tijdens een MRI scan en MRI-gestuurde radiotherapie gemeten kan

worden, kan gecorrigeerd worden voor de negatieve effecten van deze beweging. Voor

diagnose kunnen de verstoringen in de MRI beelden verholpen worden. Voor het

maken van een behandelplan kan periodieke beweging, zoals ademhaling, meegenomen

worden door de beweging af te schatten uit een 4D-MRI, die de anatomie gedurende

een cyclus van de periodieke beweging afbeeldt. Tijdens radiotherapie zou de behan-

deling aangepast kunnen worden op basis van de gemeten beweging. In dit proefschrift

wordt een nieuwe manier onderzocht om beweging te meten tijdens een MRI scan en

MRI-geleide radiotherapie. Deze methode is gebaseerd op de thermische ruis die

tegelijkertijd met de MRI beelden gemeten wordt en heet de noise navigator.

In Hoofdstuk 2 wordt de fysica achter de noise navigator onderzocht door middel

van numerieke elektromagnetische simulaties op een realistisch 4D digitaal menselijk

fantoom met ademhaling en hartslag. Deze simulaties zijn gevalideerd door metingen

op gezonde vrijwilligers. Om de gevoeligheid van de noise navigator voor verplaats-

ing van weefsels in het lichaam te onderzoeken is de relatieve bijdrage van weefsel
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verplaatsing vergeleken met de modulatie van de diëlektrische eigenschappen van de

longen gedurende de ademhalingscyclus. Verder is de invloed van de diameter en

positie van de radiofrequentie ontvangst spoel ten opzichte van het lichaam onder-

zocht. Als laatste is de spatiële gevoeligheid voor beweging van de thermische ruis

covariantie onderzocht door middel van elektromagnetische simulaties voor meerdere

ontvangst spoelen.

In Hoofdstuk 3 wordt de acquisitie van de noise navigator tijdens een MRI scan

onderzocht. Praktische overwegingen zoals het effect van het aantal thermische ruis

samples en de combinatie van de ruis signalen gemeten door de verschillende ont-

vangst spoelen worden uitgezocht. Verder wordt de implementatie van een voor-

spellende Kalman filter voor real-time toepassingen van de noise navigator in dit

hoofdstuk beschreven. Deze real-time implementatie zou de deur kunnen openen

voor prospectieve bewegingscorrectie om verstoringen door beweging in MRI beelden

te verminderen.

In Hoofdstuk 4 wordt het inzicht dat het effect van ademhaling een groter effect heeft

op de noise navigator in een radiotherapie setup, verkregen in Hoofdstuk 2, gebruikt.

De toepasbaarheid van de noise navigator als methode om ademhaling te meten wordt

onderzocht voor het maken van 4D-MRI beelden uit cartesische en radiële acquisitie

strategieën. De ademhalings-gecorreleerde 4D-MRI beelden gesorteerd op basis van

de noise navigator en conventionele methoden werden vergeleken. De noise navigator

zou een goede oplossing zijn voor deze applicatie, omdat er op dit moment geen

vergelijkbare methode beschikbaar is voor cartesische sequenties voor MRI simulatie.

Hoofdstuk 5 onderzoekt de detectie van verschillende soorten beweging met de noise

navigator voor drie verschillende anatomische applicaties die relevant zijn voor MRI-

gestuurde radiotherapie. Experimenten voor de torso (beweging van het volledige

lichaam en ademhaling) en hoofd-hals (slikken) zijn uitgevoerd met een hybride

1.5T MRI-linac apparaat. De beweging, gedetecteerd door de noise navigator, is

gevalideerd met snelle 2D cine MRI beelden. Verder is de mogelijkheid om hartslag

te detecteren met de noise navigator onderzocht en vergeleken met een ECG meting.

In dit proefschrift is de toepasbaarheid van de noise navigator als methode om ademhal-

ing te meten bewezen voor diagnostische MRI (Hoofdstuk 3) en MRI simulatie (Hoofd-

stuk 4). De noise navigator kan echter voor meer dan alleen de detectie van ademhal-

ing gebruikt worden. In Hoofdstuk 2 werd geobserveerd dat de noise navigator in
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principe gevoelig is voor verplaatsing van weefsel in het algemeen. Dit is in de prak-

tijk getest door middel van de detectie van beweging van het volledige lichaam, slikken

en hartslag in een MRI-gestuurde radiotherapie setting in Hoofdstuk 5.

115





BB

Bibliography

[1] A. Kumar, D. Welti, and R. R. Ernst, “NMR Fourier zeugmatography,” Journal

of Magnetic Resonance (1969), vol. 18, pp. 69–83, apr 1975.

[2] P. C. LAUTERBUR, “Image Formation by Induced Local Interactions: Exam-

ples Employing Nuclear Magnetic Resonance,” Nature, vol. 242, pp. 190–191,

mar 1973.

[3] M. Zaitsev, J. Maclaren, and M. Herbst, “Motion artifacts in MRI: A complex

problem with many partial solutions,” Journal of Magnetic Resonance Imaging,

vol. 42, pp. 887–901, oct 2015.

[4] M. L. Wood and R. M. Henkelman, “MR image artifacts from periodic motion,”

Medical Physics, vol. 12, pp. 143–151, mar 1985.

[5] R. van de Walle, I. Lemahieu, and E. Achten, “Magnetic resonance imaging

and the reduction of motion artifacts: review of the principles,” Technology &

Health Care, vol. 5, no. 6, pp. 419–435, 1997.

[6] K.-D. Merboldt, W. Hanicke, and J. Frahm, “Self-diffusion NMR imaging using

stimulated echoes,” Journal of Magnetic Resonance (1969), vol. 64, pp. 479–

486, oct 1985.

[7] D. G. Taylor and M. C. Bushell, “The spatial mapping of translational diffusion

coefficients by the NMR imaging technique,” Physics in Medicine and Biology,

vol. 30, pp. 345–349, apr 1985.

[8] D. Thorwarth, “Functional imaging for radiotherapy treatment planning: cur-

rent status and future directionsa review,” The British Journal of Radiology,

vol. 88, p. 20150056, jul 2015.

[9] A. McWilliam, B. Rowland, and M. van Herk, “The Challenges of Using MRI

During Radiotherapy,” Clinical Oncology, vol. 30, pp. 680–685, nov 2018.

117



B

[10] E. Johnstone, J. J. Wyatt, A. M. Henry, S. C. Short, D. Sebag-Montefiore,

L. Murray, C. G. Kelly, H. M. McCallum, and R. Speight, “Systematic Re-

view of Synthetic Computed Tomography Generation Methodologies for Use in

Magnetic Resonance ImagingOnly Radiation Therapy,” International Journal

of Radiation Oncology*Biology*Physics, vol. 100, pp. 199–217, jan 2018.

[11] S. Devic, “MRI simulation for radiotherapy treatment planning,” Medical

Physics, vol. 39, pp. 6701–6711, oct 2012.

[12] G. Li, Y. Liu, and X. Nie, “Respiratory-Correlated (RC) vs. Time-Resolved

(TR) Four-Dimensional Magnetic Resonance Imaging (4DMRI) for Radiother-

apy of Thoracic and Abdominal Cancer,” Frontiers in Oncology, vol. 9, oct

2019.

[13] C. Paganelli, B. Whelan, M. Peroni, P. Summers, M. Fast, T. van de Lindt,

J. McClelland, B. Eiben, P. Keall, T. Lomax, M. Riboldi, and G. Baroni, “MRI-

guidance for motion management in external beam radiotherapy: current status

and future challenges,” Physics in Medicine & Biology, vol. 63, p. 22TR03, nov

2018.

[14] S. Acharya, B. W. Fischer-Valuck, R. Kashani, P. Parikh, D. Yang, T. Zhao,

O. Green, O. Wooten, H. H. Li, Y. Hu, V. Rodriguez, L. Olsen, C. Robinson,

J. Michalski, S. Mutic, and J. Olsen, “Online Magnetic Resonance Image Guided

Adaptive Radiation Therapy: First Clinical Applications,” International Jour-

nal of Radiation Oncology*Biology*Physics, vol. 94, pp. 394–403, feb 2016.

[15] B. W. Raaymakers, I. M. Jürgenliemk-Schulz, G. H. Bol, M. Glitzner, A. N.

T. J. Kotte, B. van Asselen, J. C. J. de Boer, J. J. Bluemink, S. L. Hackett,

M. A. Moerland, S. J. Woodings, J. W. H. Wolthaus, H. M. van Zijp, M. E. P.

Philippens, R. Tijssen, J. G. M. Kok, E. N. de Groot-van Breugel, I. Kiekebosch,

L. T. C. Meijers, C. N. Nomden, G. G. Sikkes, P. A. H. Doornaert, W. S. C.

Eppinga, N. Kasperts, L. G. W. Kerkmeijer, J. H. A. Tersteeg, K. J. Brown,

B. Pais, P. Woodhead, and J. J. W. Lagendijk, “First patients treated with

a 1.5 T MRI-Linac: clinical proof of concept of a high-precision, high-field

MRI guided radiotherapy treatment,” Physics in Medicine & Biology, vol. 62,

pp. L41—-L50, nov 2017.

118



B

[16] C. E. Noel, P. J. Parikh, C. R. Spencer, O. L. Green, Y. Hu, S. Mutic, and

J. R. Olsen, “Comparison of onboard low-field magnetic resonance imaging ver-

sus onboard computed tomography for anatomy visualization in radiotherapy,”

Acta Oncologica, vol. 54, pp. 1474–1482, oct 2015.

[17] N. El-Bared, L. Portelance, B. O. Spieler, D. Kwon, K. R. Padgett, K. M.

Brown, and E. A. Mellon, “Dosimetric Benefits and Practical Pitfalls of Daily

Online Adaptive MRI-Guided Stereotactic Radiation Therapy for Pancreatic

Cancer,” Practical Radiation Oncology, vol. 9, pp. e46—-e54, jan 2019.

[18] A. J. McPartlin, X. A. Li, L. E. Kershaw, U. Heide, L. Kerkmeijer, C. Lawton,

U. Mahmood, F. Pos, N. van As, M. van Herk, D. Vesprini, J. van der Voort van

Zyp, A. Tree, and A. Choudhury, “MRI-guided prostate adaptive radiotherapy

A systematic review,” Radiotherapy and Oncology, vol. 119, pp. 371–380, jun

2016.

[19] L. Bendall, B. W. Papiez, M. A. Hawkins, and J. D. Fenwick, “Isotoxic Dose

Escalation with Real-Time Imaging on an MR-Linac in Lung Radiation Ther-

apy,” International Journal of Radiation Oncology*Biology*Physics, vol. 102,

p. S207, nov 2018.

[20] A. Cree, J. Livsey, L. Barraclough, M. Dubec, T. Hambrock, M. Van Herk,

A. Choudhury, and A. McWilliam, “The Potential Value of MRI in External-

Beam Radiotherapy for Cervical Cancer,” Clinical Oncology, vol. 30, pp. 737–

750, nov 2018.

[21] M. A. Palacios, O. Bohoudi, A. M. E. Bruynzeel, J. R. van Sörsen de Koste,
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