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Chapter 1
General Introduction
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1 Deformation of skeletal muscle tissue
Mechanical properties of soft tissue are relevant to many fields of research: impact
biomechanics [1-3], rehabilitation engineering [4-6], tissue engineering [7,8], skeletal
muscle behaviour simulation during gait [9] and surgical simulations [10-13]. Noninvasive mechanical property analysis is relevant for validation of constitutive models
for living human tissue but also has many medical applications such as lesion
detection [14], pressure ulcer research [15,16], diagnosis of pathologic muscle [17],
assessment of limb immobilization and contracture [18].

Figure 1: Examples of soft tissue deformation in biomechanical research; impact biomechanics (Mo et
al [19]), virtual surgery development, mechanical properties of soft tissue in residual limbs after
amputation (Portnoy et al[5]) and study of sub-dermal tissue during sitting (Linder-Ganz et al[20]).
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MRI is an ideal modality for the non-invasive analysis of soft tissue biomechanics as
it provides excellent soft tissue contrast without exposing subjects to ionizing
radiation. In addition, it allows for the measurement of various biomechanical
boundary conditions required for inverse analysis of tissue properties, such as 3D
tissue geometry (segmentable from anatomical MRI), 3D architecture (based on
diffusion tensor MRI e.g.) and accurate 3D soft tissue deformation measurement (e.g.
based on tagged MRI [21]).
Non-invasive mechanical excitation of tissue (e.g. indentation) for mechanical
property analysis inside an MRI scanner requires accurate computer controllable and
MRI compatible actuators and force sensors. Ensuring safety and compatibility of
such systems is not trivial. Although MRI compatible actuators and force sensors
have been developed for other applications such as MRI robotics (e.g. [22,23]), MRI
guided surgical interventions (e.g. [24-26]), MRI based catheterisation [27],
functional MRI [28] and the study of pressure ulcer development [29], to date no
computer controlled MRI based actuator system suitable for human skeletal muscle
tissue mechanical property investigation has been proposed. Once mechanical
excitation has been applied, MRI can be employed for the non-invasive measurement
of 3D soft tissue deformation.
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2 Motility in the Gastro-intestinal tract
Motion in the gastro-intestinal tract can be characterized as highly complex and
comprised by multiple governing physiological processes [30-32]. Contractions along
the whole gastrointestinal tract are based on two fundamental electrical patterns called
slow waves and spikes [30,33,34]. These patterns originate in the interstitial cells of
Cajal [30,33-38] and spread out to the smooth muscle cells in the bowel wall. When a
spike coincides with the crest of a slow wave, the action potential is reached and a
contraction occurs. The maximum contraction frequency is thus determined by the
frequency of slow waves and spikes. Slow waves are highly regular in time and vary
along the gastrointestinal tract from 3 cycles per minute in the stomach to 11-12
cycles per minute in the duodenum and then decreasing stepwise along the small
intestine to 7-9 cycles per minute in the distal ileum (see Figure 2) [30,33,34].

Figure 2: Schematic representation of motility patterns during fasting and after feeding and slow wave
frequencies varying along the gastrointestinal tract.

Motion during periods of fasting is highly organized into a set of cyclically recurring
motion patterns known as the Migrating Motor Complex (MMC). After ingestion of
food, the cyclic pattern is broken and replaced by a band of random contractions
called the fed- or postprandial-pattern [30,33].
Techniques for assessment of gastric and small intestinal motility exist in abundance
and are to a large extent complementary [34,39-43]. At present manometry is
accepted as most reliable and is furthest implemented into clinical practice.
Manometry uses a pressure sensitive valve that is inserted into the GI tract registering
contractions and distension as changes in pressure. By monitoring the pressure change
over time and location along the gastrointestinal tract, 2D or 3D topographic pressure
maps can be reconstructed (see figure 3). High-resolution manometry measures
motility through pressure changes in a catheter inserted into the GI tract either orally
or rectally. Separate channels debouching at small intervals along the catheter enable
spatial resolution in addition to the inherent high temporal resolution of the technique.
This can be regarded as an invasive and discomforting test and alternative methods of
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assessment should aim for lower levels of invasiveness providing equal, better or
complementary information.

Figure 3: Examples of manometry measurements. a: high resolution fibre optic manometry of the
colon[44]; b: topographic representation of manometry of swallowing motion in the oesophagus[45];
c: colour intensity topographic plot of swallowing motion in the oesophagus[46].

Over the past years, MRI has increasingly been proposed as an alternative technique
for motility assessment and several studies demonstrated the feasibility of quantitative
motility assessment in the stomach and small intestine [47-51]. These studies however
have their own limitations in terms of tradeoffs between spatial and temporal
resolution, breath holds during scanning and oral preparation. Furthermore the
analysis of MRI motility data comprises a complicated high workload process
requiring dedicated readers and sound statistical analysis [42,43,48,49].
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3 Tagged Magnetic Resonance Imaging
Tagged magnetic resonance imaging, also known as SPatial Modulation of the
Magnetization (SPAMM) is a Magnetic Resonance Imaging (MRI) technique capable
of capturing soft tissue motion in high detail in vivo. The SPAMM prepulse
periodically dephases magnetization to create visible markers or tags in the image that
can be tracked (see Figure 4).

Figure 4: Schematic representation of a basic SPAMM preparation pulse with the pulse sequence
(panel a), the effects on the magnetization (panel b) and the resulting sinusoidal modulated
magnetization (panel c). The roman numerals I, II, III and IV demark chronological correspondence
between the panels. At point I, no RF pulse or gradient has been applied and the magnetization is in
equilibrium (i.e. aligned with the external magnetic field). At point II the first RF pulse has flipped the
magnetization towards the x-y plane. The magnetization is then dephased along the direction of the
gradient (point III). The second RF pulse flips the magnetization again, now rotating spins either
towards the x-y plane or back the z-axis depending on the location along the gradient direction,
resulting in a sinusoidal modulated magnetization along the gradient direction (point IV).

The technique was developed for studying cardiac motion (see Figure 5) [52-55] and
as such exploits the periodicity of the beating heart. This repetitive motion of the heart
allows for spreading out the image acquisition over a series of heart beats and can be
used to increase the signal to noise ratio (SNR) and resolution of the image and to
capture the deformed tags at several cardiac phases.

Figure 5: Examples of myocardial tagging. Figure 5a shows vertical taglines in non-deformed and
deformed state[55]. Figure 5b shows several cardiac phases using a 3D Complementary SPAMM (CSPAMM) sequence [52-56]. C-SPAMM combines two identical acquisitions with an inverted tag
pattern, resulting in suppression of the underlying anatomy and improved tag pattern contrast [55,57].

The SPAMM sequence has been applied to other types of motion using repetitions
either performed by the subject’s physiology, by voluntary movement or enforced
using external devices, for instance motion of the tongue [58] (16 volunteer speech
repetitions per slice), brain [59] (144 volunteer rotational head accelerations) and eye
[60] (>135 repeated left to right movements). This preserves the image quality that is
customary for the repeated tagged sequence, but can lead to patient discomfort.
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Furthermore, most tissue motion outside the heart can be considered as semirepetitive in the sense that there is always some sort hysteresis involved. There is also
tissue motion that is simply non-repetitive, such as Rapid Eye Movement, involuntary
muscle spasms and bowel motion. The subject of this thesis is to attempt to apply the
SPAMM sequence with a minimal amount of repetitions to semi repetitive tissue
motion and non-repetitive tissue motion: deformation of skeletal muscle tissue (the
biceps) and bowel motion.

4 Aim of this thesis
The aim of this thesis is to develop a framework (i.e. experimental setup, data
acquisition and post-processing) for the application of tagged MRI to two types of
non-periodic motion, muscle indentation and bowel motility. Tagged MRI could offer
several potential improvements to the current methods available for assessment of
muscle deformation and bowel motility. The tagged sequence provides its own
contrast, which reduces the need for high spatial resolution and tissue contrast so that
a larger (i.e. 3D) FOV can be scanned at a higher temporal rate. Limiting the amount
of repetitions in measurement of muscle deformation will help to maintain acceptable
comfort levels for patients but also improves the quality/relevance of gathered
information for medical applications and soft tissue models as it helps to preserve any
hysteresis in muscle behaviour. For motility assessment the tag pattern offers the
possibility of automated analysis and thus a decrease in workload per time frame.
This in turn could enable monitoring of the complex temporal motility patterns over
longer time periods. The added contrast of the tag pattern could also reduce the
required level of oral preparation decreasing the burden of the method.

5 Outline of this Thesis
Since tagged MR was developed for periodic motion, the tagging prepulse sequence
was reconfigured to sample motion real time. For controlled and repeatable soft tissue
deformation in the MRI scanner, we present a novel MRI compatible soft tissue
indentor with a fibre Bragg grating force sensor in chapter 2. This indentor is
computer controlled, hydraulically driven and capable of highly repeatable
indentations of soft tissue. Chapter 3 describes the application of the novel indentor
and non-periodic SPAMM sequence to indentation of a MRI compatible gel phantom
and biceps muscle (in-vivo). 3D motion information of static (ramp and hold)
deformation was obtained in 3 motion cycles. In chapter 4 we used the continuously
tagged MR technique to sample deformation of the gel phantom and biceps muscle
during continuous indentation. Again 3D deformation was reconstructed using only
three motion cycles and improved post-processing techniques based on Gabor filter
analysis were presented. In chapter 5, development of an automated post-processing
algorithm is described based on scale space analysis. This algorithm is capable of
tracking deformed taglines without the use of the initial positions, which are
unavailable in non-periodic, continuously tagged imaging and in an automated
manner, indispensable for processing large data sets and the feasibility of clinical
applications. To prove the validity of this approach for motility assessment we
demonstrated the methods sensitivity to the effects of administration of the bowel
relaxants glucagen hydrochloride during dynamic scanning in chapter 6. In chapter 7
we demonstrate the method’s ability to sample bowel motion and assess the intra
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subject variability of tagged motion in the abdomen in a group of ten healthy
volunteers. Chapter 8 expands on the interpretation of continuously tagged motion in
the abdomen and focuses on detailed frequency analyses to study the complex low
frequent mechanisms governing motility.
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Abstract
MRI is an ideal method for non-invasive soft tissue mechanical properties
investigation. This requires mechanical excitation of the body’s tissues and
measurement of the corresponding boundary conditions such as soft tissue
deformation inside the MRI environment. However, this is technically difficult since
load application and measurement of boundary conditions requires MRI compatible
actuators and sensors. This paper describes a novel MRI compatible computer
controlled soft tissue indentor and optical Fibre Bragg Grating (FBG) force sensor.
The high acquisition rate (100 Hz) force sensor was calibrated for forces up to 15 N
and demonstrated a maximum error of 0.043 N. Performance and MRI compatibility
of the devices was verified using indentation tests on a silicone gel phantom and the
upper arm of a volunteer. The computer controlled indentor provided a highly
repeatable tissue deformation. Since the indentor and force sensor are composed of
non-ferromagnetic materials, they are MRI compatible and no artefacts or temporal
SNR reductions were observed. In a phantom study the mean and standard deviation
of the temporal SNR levels without the indentor present were 500.18 and 207.08,
respectively. With the indentor present the mean and standard deviation were 501.95
and 200.45, respectively. This computer controlled MRI compatible soft tissue
indentation system with an integrated force sensor has a broad range of applications
and will be used in the future for the non-invasive analysis of the mechanical
properties of skeletal muscle tissue.

1 Introduction
Magnetic Resonance Imaging (MRI) is an ideal modality for the non-invasive
analysis of soft tissue biomechanics as it provides excellent soft tissue contrast
without exposing subjects to ionizing radiation. In addition it allows for the
measurement of various biomechanical boundary conditions required for inverse
analysis of tissue properties, such as 3D tissue geometry (segmentable from
anatomical MRI), 3D architecture (e.g. based on diffusion tensor MRI [1]) and
accurate 3D soft tissue deformation measurement (e.g. based on tagged MRI [2,3]).
The non-invasive investigation of soft tissue mechanical properties allows for the
validation of detailed constitutive laws enabling derivation of in vivo tissue loading
conditions and prediction of injury. Hence it has a wide array of applications
including impact biomechanics [4], rehabilitation engineering [5] and surgical
simulation [6].
However the MRI based investigation of the mechanical properties of soft tissue often
requires an MRI compatible soft tissue loading system consisting of actuators (to
mechanically palpate/excite the tissue) and sensor devices (to measure the applied
load). Designing such devices to be safe within the MRI environment and compatible
with the imaging is non-trivial [7]. Detailed evaluation of constitutive properties
(including viscoelasticity) requires dynamic load application capabilities and, since
imaging may require motion repetitions, displacement or force control and control of
timing with respect to imaging. This paper describes a novel computer controlled
MRI compatible soft tissue indentation system and force sensor enabling the MRI
based analysis of the nonlinear (visco) elastic and anisotropic behaviour of skeletal
muscle tissue. The current focus is non-painful and non-damaging indentation of the
biceps region of the upper arm using a 45 mm diameter, which places a load
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constraint in the order of 15 N. Both quasi-static (load is held static during
measurement of boundary conditions) and dynamic applications are of interest (nonpainful indentation speeds whereby boundary conditions are continuously sampled as
the tissue deforms).
Actuator and sensor devices which can safely be used within the MRI environment
(are MRI conditional or MRI safe) are relevant to many research areas. As such a
large array of MRI compatible actuators [8] (review paper) and sensor systems [9]
(review paper) have been proposed. Applications include: MRI robotics (e.g.[10,11]),
MRI guided surgical interventions (e.g. [12–14]), MRI based catheterization (e.g.
[15]), functional MRI (e.g. [16,17]) and the study of pressure ulcer development (e.g.
[18–23]). In addition, as is relevant here, they have been employed for non-invasive
investigation of soft tissue biomechanics (e.g. [2,18,22–26]).
Two main groups of actuator and sensor devices suitable for the MRI environment
can be distinguished: (1) devices employing electric principles and/or ferromagnetic
components in the MRI room and/or close to the imaging region and (2) devices
which are intrinsically MRI compatible since they employ non-conducting and nonferromagnetic materials and sensor signal transmission occurs using magnetically
inert media within the MRI room. The latter group is the focus here since these do not
significantly affect image quality and sensor performance. In addition they do not
require shielding or anchoring and can safely be used in close proximity to the test
subject. Therefore the applicability, safety and compatibility with MRI are more
easily established for these devices, which simplify evaluation and approval (e.g.
ethical) for a research setting.
A variety of soft tissue loading systems that can be used in the MRI environment have
been proposed in the literature (e.g. [18,22–27]), however their design is often
tailored to suit their particular application (e.g. ranging from rat lower limb [18], to
human footpad [25] and pigs buttock [23]) which, to date, has not included
indentation of the upper arm. Despite this, a brief discussion of current soft tissue
loading systems for the MRI environment is presented here. Most current soft tissue
loading systems do not have dynamic displacement or force control capabilities
during imaging (e.g. [22,24,25]) and have so far been limited to quasi-static
applications (e.g. [18,22–26]). In some cases the load can only be applied prior to
imaging and cannot be altered during scanning (e.g. [22,24]) which does not enable
dynamic analysis and MRI based deformation measurement techniques such as
SPAMM (Spatial Modulation of the Magnetization) (e.g. [2,3]) tagged MRI. Hence
some researchers have employed contour tracking from matched anatomical MRI
scans prior to and after loading (e.g. [24]) and registration techniques (e.g. [26]) or
finite element analysis (FEA) for estimation of deformation instead (e.g. [21,22]).
However these measures are more limited than full 3D deformation measurement
based on SPAMM tagged MRI [3]. In addition the studies employing soft tissue
loading devices have limited their analysis to the evaluation of isotropic hyperelastic
constitutive models (e.g. [18,21,22,24,26,28,29]). Evaluation of more detailed
constitutive models incorporating non-linearity, viscoelasticity and anisotropy require
more detailed boundary condition measurement which is the focus of the current
study.
Recently more advanced soft tissue loading devices have been proposed for the MRI
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environment such as Fu et al. [27] (a hydraulic actuator for lower leg indentation) and
Solis et al. [23] (pigs buttock compression using a flat plate connected by a !3 m rod
(which passes through a wall) to a servo motor and force transducer outside the MRI
room). Although both these systems feature dynamic displacement control
capabilities and motion triggering toward the imaging, the latter can only operate
approximately parallel to the MRI bore axis through the particular hole in the wall
and for the former the displacement or force control and measurements achieved are
not elaborated in sufficient detail.
For the soft tissue loading devices mentioned above the force measurement systems
included the application of static weights [24], repetition of the experiment outside the
MRI environment [22], the application of electric force sensors, which suffer from
electromagnetic interference [18] or force transducers outside the MRI room [23].
Other force sensors for the MRI environment have also been developed such as
piezoelectric sensors. However these do not allow static force measurements and may
induce image artefacts [12]. Since for the current study intrinsically MRI compatible
devices are of interest, optical force sensors are the focus. MRI compatible optical
force sensors have been proposed for analysis of needle deflection and force feedback
measurement during MRI based catheterization have also been developed [15,30]
however these are applied to relatively low forces in the range 0–0.5 N. Tokuno et al.
[31] developed a force sensor based on optical micrometry and demonstrated
accuracy within 1.6% for forces up to 6 N. Tada and Kanade [32] presented a tri-axial
force sensor based on optical micrometry consisting of 5 optical fibres (1 emitting and
4 receptor fibres) and demonstrated under 3% errors for forces up to 15 N. However
when in a later study [26] the authors used the system for human finger-tip
indentation the force, acquired at 1 Hz, was found to vary with a standard deviation of
up to 0.3 N around a static mean load of 2.35 N. The causes for these increased
deviations, with respect to the calibration, were not discussed. Recently Song et al.
[14] designed an advanced Fibre Bragg Grating (FBG) based tri-axial force sensor
mounted on a robot arm. Forces where calibrated up to !10 N and a maximum force
error of 0.5 N was recorded.
In this study a FBG sensor system is proposed because these have several advantages
over other optical force sensing systems [14]: (1) measurement is independent of
fluctuating light levels, (2) multiple gratings can be applied in series and (3) they have
simple wiring and a compact implementation.
This paper outlines the design of a complete system for soft tissue indentation, which
is MRI compatible. This system is computer controlled and incorporates dynamic
displacement control and motion can be triggered to be synchronized with the
imaging (enabling the use of repeated image acquisitions common for MRI based
deformation measurement techniques). Embedded in the MRI actuator is a novel high
speed (100 Hz) MRI compatible optical FBG based force sensor enabling dynamic
force measurement suitable for viscoelastic (e.g. ramp and hold type) analysis and fast
detection of timing of motion and load application. The system is evaluated for the
MRI based investigation of soft tissue biomechanics based on phantom tests and
indentation of the upper arm of volunteers.
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2 Methods
This section describes: (1) Fibre Bragg Grating based optical force sensing, (2) The
soft tissue indentor system, (3) Optical force sensor calibration and (4) Evaluation of
the indentor system performance. All signal and image processing methods were
developed in MATLAB (R2012a v7.14.0.739, The Math works Inc., USA).

2.1. Fibre Bragg Grating based optical force sensing
In Fibre Bragg Grating (FBG) a periodic perturbation of the refractive index is
introduced along an optical fibre acting as a local wavelength specific reflector
[33,34]. The reflected (Bragg) wavelength !B for a specific grating is defined by [35]:

"B = 2#eff $

(2.1)

Here !eff is the effective refractive index of the fibre core and " is the period of the
grating. From this equation it is clear that !B is both strain and temperature dependent
since !eff varies with!temperature and " is altered following longitudinal fibre strain
and thermal expansion/contraction [35]. Under isothermal conditions a linear
relationship exists between reflected wavelength and the applied strain where tensile
and compressive strains increase and decrease the wavelength reflected respectively.
For the current study only the mechanical strain induced effect is of interest since it is
linearly dependent on the force exerted on the optical fibre. In order to separate the
effect of mechanical strain from the effects of temperature fluctuations two gratings
are placed close together in series whereby one is subjected to both mechanical strain
and local temperature variations, while the other is isolated from mechanical strain
and acts as a (temperature) reference grating. The wavelength reflected from the latter
reference grating !T is thus purely a function of temperature and, together with the
wavelength reflected from the former (strain) grating !S, can be used to derive the
mechanical fibre strain # as [36]:
$ # '.
1 + $# '
" = -log& S ) * log& T )0
(2.2)
S" , % # S 0 (
% #T 0 (/
Here S#= 1.2 ± 0.03 pm/µ" represents the strain sensitivity. The subscript 0 denotes
initial values, which can be derived for an unloaded fibre prior to each testing session
by taking the !
mean signal (here 1000 samples across 10 s is used) for both gratings.
For the current study a high strength optical fibre (GeO2 doped silica glass fibre,
ORCOMER® coated, 125 µm in diameter) containing two FBG gratings (Draw
Tower Grating Pair, FBGS International, Belgium) was used. The nominal Bragg
wavelengths for the gratings used are 1532 nm and 1530 nm for the strain and
reference grating respectively (hence as tensile strain is applied the reflected
wavelength increases away from the reference grating wavelength). The reflected
wavelength peaks were acquired at 1 kHz using an optical interrogator (SM130-700,
Micron Optics Inc., USA). However for the current study the data was stored using a
10-point data interleave (running average of 10 consecutive data samples) resulting in
an effective measurement frequency of 100 Hz.
Due to the brittle nature of the fibre material (silica glass) it is best to load fibres in
tension rather than compression. In tension the fibres used are capable of supporting
loads up to 50 N (corresponding to a 5% breakage strain). This is sufficient for the
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current study since measurements of forces up to 15 N are of interest (i.e. loads
occurring during mild indentation of soft tissue).

Figure 1: Overview of the MRI compatible indentor and control system

Figure 2: The MRI compatible assembly.
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2.2 The soft tissue indentor system
Figure 1 shows an overview of the complete soft tissue indentation system. In the
control room (left in Figure 1) a computer (Figure 1A) linked with data acquisition
units and custom electronics (Figure 1B) controls the motion of a hydraulic master
cylinder (Figure 1C) whose motion is linked with the MRI compatible indentor
assembly (Figure 1D) in the MRI room (right in Figure 1). The force sensor data is
acquired using an optical interrogator system (Figure 1E). This section discusses the
soft tissue indentor system in the following steps: (1) The MRI compatible soft tissue
indentor assembly, (2) The MRI actuator assembly, (3) The indentor head and force
sensor assembly, and (4) Actuator motion control and data acquisition. For each
section the most relevant parts are discussed with reference to an associated figure.
2.2.1. The MRI compatible soft tissue indentor assembly
The design for the MRI compatible soft tissue indentor assembly will now be
discussed with reference to Figure 2. The MRI actuator body (1) is mounted on a
support bridge (2) which is attached to two side plates (3) that are mounted onto the
bottom plate (4). The whole assembly can be fixed on the scanner bed using a slide
rail (5) and support ridge (6). The actuator orientation (blue arrows) can be adjusted
using the adjustment screws (7) and (8) and slot (A) to set desired loading angle and
maximum depth. The maximum indentation is set by placing the piston in its
maximum deployed position, moving the actuator down until a desired maximum
tissue indentation is reached and then securing the adjustment screws on the support
bridge and side plates. The bridge set-up shown in Figure 2 can be used for
indentation of extremity soft tissue sites such as the biceps region of the upper arm or
the tibialis anterior region of the lower leg. For other tissue regions a different
mounting structure can easily be incorporated. All parts are made of polyamide except
for the MRI compatible actuator body, which is discussed in the following section.
2.2.2. The MRI actuator assembly
This section discusses the MRI actuator assembly with reference to Figure 3. The tube
connector (1) allows water driven by the master cylinder to enter the actuator chamber
formed via parts (2) and (3). The tube connector (4) and the rubber seal (5) form a
manual valve, which can be opened to allow for air removal during filling of the
system. Parts (2) and (3) clamp a soft rubber diaphragm (6) which deforms under the
influence of water pressure as the piston shaft (7), attached via the ring (8) is pushed
downwards (see right side of Figure 3). The maximum stroke is 44 mm. The use of a
diaphragm ensures low initial friction. The piston contains a flat face such that it can
be constrained from rotating using part (9). The bottom part of the piston contains the
indentor head and force sensor assembly (10), which is discussed in the following
section. All black parts in Figure 3 are constructed of polyoxymethylene and all white
parts are polyamide except for the piston, which is made of polytetrafluorethylene to
ensure low friction.
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Figure 3: The MRI actuator assembly in a retracted (left) and outward (right) state.

2.2.3. The indentor head and force sensor assembly
The indentor head and force sensor assembly is discussed with reference to Figure 4.
The bottom of the piston shaft (1) is inserted into the piston head parts (2–3) which
are able to slide relative to the piston shaft by an amount limited by the set screw (4).
The piston head is flat and 45 mm in diameter with rounded edges 6 mm in radius.
This head size was chosen since it provides a sufficiently large compression site
relative to bulk soft tissue regions such as the biceps region of the upper arm. Using
set screws (5) the piston head parts (2–3) are attached to part (6) of the force sensor
assembly (right), which is inserted into the piston shaft (1). Part (7) of the force sensor
assembly is fixed to the piston shaft via the screw (8). The FBG sensor fibre (9) enters
the piston head at site (A) where it is supported using a bolt (10). The fibre reference
and strain gratings (8 mm long each and 18 mm apart) are located at sites (B) and (C),
respectively. The fibre (9) runs through a central hole in parts (6) and (7) where it is
glued (EPO-TEK 353ND, Epoxy Technology Inc., USA) at sites (D) using the glue
injection holes at (E). Thus when a compressive force FC is applied to the bottom of
the indentor head it slides with respect to the piston shaft, converting the load to a
tensile force FT at the strain grating (C) while the temperature reference grating (B)
remains unloaded. The force FC is directly proportional to the force FT. Therefore due
to the current design in the case of downward indentation with respect to gravity the
weight of the indentor head components (0.94 N) first needs to be overcome. Hence
for downward indentation only forces in excess of this weight can be recorded. Pretension can be introduced in the fibre using a screw (11), which also ensures that the
weight of the indentor head assembly does not buckle the fibre.
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2.2.4. Actuator motion control and data acquisition
The motion of the MRI compatible actuator discussed above is dictated by a hydraulic
master cylinder assembly (see also Figure 1C) placed outside the MRI room, which
will be discussed using Figure 5. A 24V DC-motor (1) (FBG 0130821708, Bosch,
UK) powers the movement of a steel hydraulic cylinder (2) (CP95SDB50-80, SMC
Corporation, USA) via an attached stainless steel gear rack (3) forcing water in or out
through the valve (4) which is linked to the MRI compatible actuator via a 12 mm
diameter polyurethane tube. The motion of the master cylinder (and thus the MRI
actuator) is regulated through computer control (see also Figure 1A–C) of the DCmotor. Custom control hardware and software (Lab VIEW 8.6, National Instruments
Corporation, USA) incorporating two data acquisition units (Figure 1B) (USB 6009
and USB 6211, National Instruments Corporation, USA) were used.
The DC-motor has an in-built gear assembly with an internal to external gear-ratio of
62:1. The internal axis contains two 90! offset Hall sensors. Counting of the Hall
sensor pulse edges (rising and falling for both sensors) thus provides 248 position
references per external axis rotation, which translates into approximately 1 positional
reference for each 0.3 mm of MRI actuator motion. Prior to testing the positional
reference is calibrated by first powering the DC motor to move the MRI actuator to its
minimum (fully retracted) position and then to its final (maximum indentation depth)
position. This provides a “map” of the indentor position for its full range of motion.
The DC motor power and speed are adjusted through pulse width modulation of the
input voltage. During the repeatable indentations the pulse width is ramped up to a set
maximum (to achieve desired maximum motor power and speed), then as the indentor
approaches its final position the pulse width is ramped down to a set minimum (for
instance to achieve a desired minimum motor power during a hold phase) when the
indentor approaches its set final position. Therefore in the current study a pulse width
profile is prescribed controlling motor power and position (force or speed control can
also be implemented).
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Figure 4: The indentor head (left) and force sensor assembly (right).

Since the indentor location, orientation and final depth are set by hand prior to
scanning (see Section 2.2.1) the actual applied indentation depth and displacement
history need to be derived from the image data. Figure 6 demonstrates the location,
depth and orientation of the indentation can all be verified from the MRI data
(segmentation based on face normal analysis of the triangulated skin isosurface). The
deformation history can then be derived by mapping the DC motor position history
with respect to the segmented final displacement of the indentation.
The Lab VIEW based control and acquisition software provides a graphical user
interface enabling: (1) setting of motor power parameters, (2) position control and
speed monitoring, (3) setting of FBG parameters and acquisition of FBG data over
time (based on Transmission Control Protocol communication with optical
interrogator, see Figure 1E) and (4) motion triggering toward an MRI scanner
generated Transistor-Transistor-Logic (TTL) trigger pulse. Lab VIEW was run on a
laptop PC, with a 32-bit Microsoft Windows Vista Business operational system, 3.5
Gb RAM, and dual core 2.1 GHz processors.
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Figure 5: The hydraulic master cylinder assembly

Figure 6: Sample anatomical MRI data-set for an indented tissue site (upper arm) (A) from which the
indentation site (red surface in B) can be segmented for verification of indentation location, depth and
orientation (arrows in B show the indentor coordinate system).

2.3. Optical force sensor calibration
In order to relate the FBG derived fibre strain measure (Eq. (2.2)) to fibre force, uniaxial compression testing was done using a Zwick Z005 (Zwick GmbH & Co.,
Germany) equipped with a 50 N load-cell. The system was subjected to three types of
force controlled loading in the range of 0–15 N: (1) a stair case test (1 N steps at 0.25
N/s, followed by 30 s hold phase, repeated 3 times), (2) a stair case test (1 N steps at
0.75 N/s, followed by 30 s hold phase, repeated twice) and (3) high speed ramp
loading (ramp up to 15 N at 5 N/s followed by 10 s hold and ramp down to 0 N). A
0.5 N pre-load was used for all tests.
The staircase tests were used for calibration by segmenting the plateaus regions for
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both the load-cell and FBG strain curves. In order to determine a mapping from the
FBG strain to force the average plateau forces for each all tests (75 points, 15 for each
of the 5 tests) were used simultaneously. Both linear (scaling based) and non-linear
(cubic spline based) mappings were investigated. Following calibration based on the
staircase tests, the force curve for the high-speed ramp loading was then predicted
using the staircase based calibration and was thus effectively used for verification
purposes.

2.4. Evaluation of the indentor system performance
The intended application for the indentor is the non-invasive investigation of soft
tissue mechanical properties whereby during indentation all boundary conditions
required for inverse analysis are recorded. These boundary conditions include: (1) the
indentation force derived from the FBG sensor, (2) the complex soft tissue
deformation acquired using SPAMM tagged MRI [2,3], (3) the tissue geometry for
the construction of FEA models derivable from anatomical MRI and (4) muscle tissue
fibre architecture obtained from diffusion tensor MRI [1] to allow for analysis of
anisotropic material behaviour.
In order to evaluate indentor system performance for the above application it was
applied (Figure 7) for indentation of a silicone gel phantom [37] and the upper arm
region of volunteers (ethical approval and informed consent obtained from the
Medical Ethical Committee, Academic Medical Centre, Amsterdam, The
Netherlands). All the above-mentioned boundary conditions were recorded during the
experiments. However only the measurements relevant to the indentor system
performance are highlighted in detail here as the soft tissue deformation
measurements were presented elsewhere [2,3] and are beyond the scope of this paper.
Since the quality of these measurements also illustrates the utility of the indentor
system they are briefly summarized in Section 4.
The indentor system was evaluated in the following ways: (1) force measurement
within the MRI environment, (2) Evaluation of indentor motion repeatability, and (3)
Evaluation of MRI compatibility. All scans were performed on a 3.0T scanner
(Philips Intera, Philips Healthcare, Best, The Netherlands) and Figure 7A and B
highlight coil placement of the flexible surface coils used (Flex-M, Philips
Healthcare, Best, The Netherlands) and Figure 7C and D shows isosurface
visualizations of the indented configurations and sample SPAMM tagged MRI slices.
In order to compute 3D soft tissue deformation SPAMM tagged MRI data was
acquired in three mutually orthogonal directions [2,3]. However for both the phantom
and volunteer data one of the three SPAMM tagged MRI directions was used for
demonstration of indentor performance.
For the phantom tests repeated indentations were performed while a dynamic series (n
= 60) of SPAMM tagged MRI data were acquired (1-1 SPAMM, 123 ms delay, 177
ms, 3D Transient Field Echo read-out, TR /TE 2.53/1.28 ms, field of view 120 mm "
120 mm " 39 mm, acquisition matrix 80 " 52, 10 slices, reconstructed voxel size 0.93
mm " 0.93 mm " 1.5 mm). Timing of indentor motion with respect to imaging
resulted in 11 image dynamics per indentation cycle and 5 complete repeated
indentations per dynamic series.
For the volunteer tests repeated indentations were performed while a dynamic series
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(n = 250) of SPAMM tagged MRI data were acquired (1-1 SPAMM, 100 ms delay,
177 ms 3D Transient Field Echo read-out, TR /TE 2.42/1.19 ms, field of view 120 mm
× 120 mm × 40 mm, acquisition matrix 80 × 60, 10 slices, reconstructed voxel size
0.94 mm × 0.94 mm × 2 mm). Timing of indentor motion with respect to imaging
resulted in 71 image dynamics per indentation cycle and 3 complete repeated
indentations per dynamic series. Indentation cycles were triggered using a TTL pulse
timed to start with the first dynamic or the first dynamic following completion of a
deformation cycle.
2.4.1. Force measurement within the MRI environment
During the indentation experiments the FBG derived force was recorded at 100Hz.
Since the force sensor is optical fibre based no interference with the MRI imaging is
expected. Since skeletal muscle tissue is highly viscoelastic [38,39] it is expected that,
for the indentation tests of ramp and hold type discussed above, force relaxation
should be observed during the hold phase. To demonstrate the sensor’s performance
in the MRI environment for application to soft tissue biomechanics, its ability to
register this viscoelastic force history is demonstrated for two load rates of 10 mm/s
and 20 mm/s.
2.4.2. Evaluation of indentor motion repeatability
In order to study repeatability of the indentor motion, the dynamic SPAMM tagged
MRI series (see Figure 7C and D) for the phantom (n=60 dynamics) and for the
volunteer (n=250 dynamics) were analysed. The SPAMM tagging encodes for motion
and is thus well suited for repeatability analysis. Each dynamic series can be
represented as a 4D data set Ni,j,k,d, where (i, j, k) represent voxel (row, column and
slice) indices and d the index for dynamics. In case a repeated periodic motion
occurred during the dynamic series some of these dynamics are thus equivalent to
each other with the exception of differences induced by noise. In order to establish
whether the indentor motion was indeed repeatable an n×n temporal sum of squared
differences (SSD) matrix (SSDM) was created for both the phantom and volunteer
data where all dynamics are compared to all others using:

(

SSDM p,q = # N i, j,k, p " N i, j,k,q
i, j,k

)

2

(2.3)

where each entry in the matrix at (p, q) reflects the sum of squared differences of
dynamic p with respect to dynamic q for a random selection of 10 000 voxels within
the gel/tissue !
volume. The matrix SSDM is obviously symmetric around its diagonal
where all entries are zero since here p = q. However if a repeated periodic motion
occurred during the dynamic series other parallel diagonals with minimal differences
are to be found. For instance if a repeated motion with period x (dynamics) occurred
then multiple diagonal minima exist since the following entries in SSDM should all
reflect only differences due to noise: [(p, p+x), (p+1, p+1+x), (p+2, p+2+x), ...]. For
the current study a period of 11 and 71 (see description of indentation experiment at
the start of Section 2.4) should therefore be observable in the data for the phantom
and volunteer data respectively (e.g. for the phantom data dynamic 1 is repeated at
dynamic 12 and 23, etc.). Analysis of parallel diagonal locations in the SSDM,
showing difference magnitudes expected for noise (i.e. similar to differences between
multiple static repetitions) thus allowed for demonstration of repeatability.
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Figure 7: MRI compatible indentor system positioned for indentation of the silicone gel phantom (A)
and the upper arm of a volunteer (B). Coils are placed laterally to the regions of interest and can be
secured to the side plates. In addition isosurfaces illustrating the indentation sites and selected
SPAMM tagged MRI data slices are shown for the phantom (C) and volunteer (D).

2.4.3. Evaluation of the system MRI compatibility
The MRI environment poses significant design challenges for the safe and appropriate
functioning of both the device and the MRI scanner. In this study the following
definition of MRI compatibility is used (for current definitions of MRI safety
terminology see [7,40]. Although the term “MRI compatibility” is no longer favoured
by the ASTM it is commonly used in the literature and hence also adopted here): A
device or system is Magnetic Resonance (MR) compatible if, when used in the MR
environment, is MR safe and has been demonstrated to neither significantly affect the
quality of the [MRI data or its] diagnostic information, nor have its operations
affected by the MR device. Since all of the device features presented, that are to be
used in the MR environment are non-conducting (with the exception of the tap water
used in the hydraulic system), non-metallic and nonmagnetic the indentor system
operation is not significantly affected by the MRI scanner and can be termed MR safe
using scientific rationale [7]. In addition all materials employed in the MRI
environment (e.g. polyoxymethylene, polyamide, polytetrafluorethylene and
polyurethane) exhibit appropriate magnetic susceptibility [41] for MRI and thus it is
likely that their influence on MRI data quality is minimal. Nonetheless to evaluate the
effect of the indentor on MRI data quality, system performance was analyzed in the
MRI environment. MRI data was acquired for a silicone gel phantom (Figure 7). In
order to study the effect of the indentor presence on image quality a dynamic series (n
= 100) of MRI data was acquired with and without the indentor present. The same
sequence as above was employed however without the SPAMM pattern (177 ms 3D
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Transient Field Echo read-out, TR /TE 2.38/1.15 ms, field of view 120 mm " 120 mm
" 40 mm, acquisition matrix 80 " 60, 20 slices, reconstructed voxel size 0.94 mm "
0.94 mm " 2 mm). To study the effect of the presence of the indentor for each
dynamic series, per voxel temporal signal to noise (SNR) ratios tSNR were derived
for each data set (with and without the indentor) using:

tSNR i, j,k =

µijk
n
" ijk

where µijk and #ijk represents the mean and standard deviation of voxel (i, j, k)
respectively across all dynamics.
!

(2.4)
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3 Results
3.1. Optical force sensor performance
Figure 8 shows the staircase test force curves used for calibration (3 repetitions for
0.25 N/s and 2 for 0.75 N/s) and overlain the results for fitting based on the FBG
strain signal. The current configuration of the sensor can only measure forces in
excess of indentor head assembly weight. Hence all FBG derived force curves
presented here start at 0.94 N. Using linear scaling (scale factor 970.20) followed by
shifting (adding 0.94 N to compensate for the weight of the indentor head assembly)
the FBG strain could be linearly related to force (Figure 8A). Although this showed
an overall good correlation (Figure 8B) with the load-cell force (R2 = 0.99), force
differences up to 0.16 N (corresponding to 3.2% difference with respect to 5 N)
occurred and a maximum difference percentage of 5.6% was encountered
(corresponding to a 0.056 N difference from 1 N). However all curves (Figure 8A)
demonstrate a small degree of non-linearity of the FBG force sensor system. Linear
mapping thus led to underestimation for low forces where the curve was initially
slightly concave followed by overestimation of larger > 7 N forces due to a mild
convex curvature (see curvature in Figure 8B). Hence to take the mild non-linearity
into account a cubic spline fit (MATLAB function CSAPE) was used to map the FBG
strain to force (Figure 8C) producing a piecewise-polynomial form relating FBGstrain to force. The fit was constrained at the ends such that the end slopes match the
slope of the cubic of the last 4 data points to allow for reasonable extrapolation in
forces in the range 15–50 N (up to breakage). The cubic spline based mapping of the
FBG strain to force, reduced the maximum error percentage to 3.1% (corresponding
to a 0.031N difference from 1 N) and the maximum force error magnitude to 0.043 N
(corresponding to 0.7% difference with respect to 6 N). The mean and standard
deviation of the differences with respect to the load-cell force were 0 N (−2.23 × 105
N) and 0.015 N, respectively. Figure 8B shows the high degree of correlation (Figure
8D) between the load-cell force and the FBG derived force (R2 = 1.00). The largest
percentage difference coincided with the (1 N) first plateau measurements, which is
closest to 0.94, the lowest recordable force. If for all tests the first plateau is ignored,
the maximum error percentage is 1.2% (corresponding to a 0.024 N difference from 2
N).
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Figure 8: The load-cell (thick black) and, overlain, the FBG derived (red) force history curves for the
stair-case tests (A–C) and, the load-cell and FBG derived plateau forces plotted against each other to
show correlation (B–D). Images (A and B) are for linear scaling while (C and D) are for cubic spline
based mapping of FBG-strain to force.

After calibration based on the staircase tests the response for a ramp test at 5 N/s was
predicted (Figure 9). The differences with respect to the load-cell force were not
found to increase for the higher load rate, which is also apparent from the large degree
of overlap in Figure 9. Figure 10 shows sample force and displacement history curves
for volunteer upper arm indentation within the MRI scanner. As expected, no signal
interference from the MRI scanner was observed. Both sets of curves in Figure 10
demonstrate viscoelastic force decay during the hold phase of the load. In addition
preconditioning is observed (Figure 10B) as the peak force is reduced during the first
motion cycles. This is not a repeatability artefact but a well-known empirical finding
for biological soft tissue. The loading rate for the first volunteer in Figure 10A (a
male volunteer aged 30) was twice as high for the second volunteer in Figure 10B (a
female volunteer aged 25). Besides indentation depth and subject to subject variation
it is likely that the increase in viscoelastic response observed in the second volunteer
can be explained by the increase in loading rate.
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Figure 9: The load-cell (thick black) and, overlain, the FBG derived (red) force history.

Figure 10: The sample displacement (dashed) and force (solid) curves for cyclic ramp and hold
indentation tests for two different volunteer tests. Part (A) shows 19 mm indentation at 10 mm/s and a
12 s hold phase. Part (B) shows 13.3 mm indentation at 20 mm/s and a 3 s hold phase.
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3.2. Repeatability of indentor motion
Figure 11 shows a visualisation of the sum of squared differences matrix (SSDM) for
the phantom and volunteer data (due to symmetry only half of the matrix is shown).
As mentioned in Section 2.4.2, periodic motions should be reflected in the SSDM as
parallel diagonals showing minimal differences. These are visible for both the
phantom and volunteer data. Each row in the SSDM describes a periodic variation
starting on the left, on the main diagonal; with a zero magnitude difference
(difference with respect to itself) the magnitudes alter but return to a minimum every
11th and 71st entry in the rows for the phantom and volunteer respectively. In order to
visualize this periodic nature for all rows more appropriately Figure 11B and E show
shifted or synchronized SSDMs. Here, starting at the bottom, each row of entries in
the SSDM was shifted to the left by an amount equivalent to its corresponding row (or
dynamic) number minus 1 (e.g. first row remains the same, second is shifted by 1,
third by 2, etc.). This shifting effectively aligns or synchronizes all the periodic
difference variations in the SSDMs. The numbered labels in Figure 11B and E now
clearly show that for the phantom and volunteer data the periodic signal exactly
reflected the desired periods of 11 and 71 dynamics, respectively. This is further
illustrated in Figure 11C and F which are obtained by taking the mean of images
Figure 11B and E in the row direction. As Figure 11B and E show clear minima exist
at the appropriate locations (red dots) and differences rapidly increase to more than an
order of magnitude higher for non-repeated dissimilar images. It was found that for
static repetitions during the hold phases the mean and standard deviation of the SSD
were 1.13 × 106 and 0.25 × 106 for the phantom data and 4.14 × 104 and 0.60 × 104
for the human data. These thus form the SSD values expected purely due to noise
variations. The SSD values for acquisitions during indentor motion, which, according
to applied indentor motion, should be equivalent, showed a mean and standard
deviation of 1.14 × 106 and 0.52 × 106 for the phantom data and 4.37 × 104 and 0.94 ×
106 for the human data. Hence it may be concluded that the indentor presents with a
highly repeatable motion since the differences expected due to noise are of equivalent
magnitude to the differences between repeated indentor motions.
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Figure 11: The motion cycle repeatability results for the phantom (A–C) and volunteer (D–F). (A–D)
show the SSDM’s. (B–E) show the shifted or “synchronised” SSDMs and (C–F) show derived mean
SSD graphs (blue line) were red dots indicate the cycle repetition points.

3.3. MRI compatibility of indentor system
Figure 12 shows temporal SNR images derived for the phantom without (A) and with
indentor present (B). It was found that throughout the field of view the temporal SNR
levels were not significantly altered by the presence of the indentor. The overall mean
and standard deviation of the temporal SNR levels for the phantom volume without
indentor present were 500.18 and 207.08, respectively. When the indentor was added
this became 501.95 and 200.45, respectively. This result was invariant under
permutation of read-out directions and or slice orientations. However since the MRI
actuator contains tap water, which presents with signal, certain read-out directions
may present with fold-over due to this signal. However this can easily be avoided by
alternating the read-out direction or by employing fold-over suppression techniques.
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4 Discussion
A novel MRI compatible soft tissue indentor system and optical FBG based force
sensor have been presented. The computer controlled indentor motion is highly
repeatable since MRI acquisitions during repeated indentor motions did not induce
significant additional variation on top of what is expected due to noise. In addition the
indentor device and force sensor are fully MRI compatible and are manufactured from
non-ferromagnetic materials. The MRI compatibility was also evident following
evaluation inside an MRI scanner and no negative effects such as SNR decrease and
or image artefacts were observed.
Many current soft tissue loading devices for the MRI environment do not have
dynamic force displacement control capabilities and have been limited to quasi-static
deformation analysis [18,21,22,24,26,28,29], the evaluation of isotropic hyperelastic
constitutive models [18,21,22,24,26,28,29], estimation of strain from 2D imaging
[21,27,28] or from finite element simulations [21,22]. Force measurement is
sometimes based on the application of static weights [24] or by repeating the
experiment outside the MRI environment [22] or electric force sensors, which suffer
from MRI scanning, induced electromagnetic interference [18]. Recently Fu et al.
[27] used an MRI compatible indentor system to study leg tissue biomechanics and
2D strain estimates were derived for 7 frames per indentation cycle based on harmonic phase
MRI. However the actuator control and force sensing capabilities were not discussed
in detail, hindering comparison to the current study. Solis et al. [23] developed an
advanced soft tissue loading system capable of motion control and triggering to MRI
acquisitions. However the system (designed for porcine buttock compression) cannot
be applied to upper arm indentation and is currently limited to loading parallel to the
MRI bore axis. To the authors’ knowledge this is therefore the first study to
demonstrate a computer controlled MRI compatible indentor with an integrated high
sampling rate (100 Hz) force sensor suitable for the non-invasive analysis of the
complex anisotropic, viscoelastic and 3D mechanical behaviour of human skeletal
muscle tissue.

Figure 12: The temporal SNR images for the phantom without (A) and with indentor present (B).
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The current study employs Fibre Bragg Grating for MRI compatible force
measurement and calibration demonstrated force difference percentages no larger than
3.1% for forces up to 15 N and the maximum overall force difference magnitude was
0.043 N. The maximum force difference percentage occurred close to the minimum
force measurement of 0.94 N. If forces in excess of 1 N are considered the maximum
force difference percentage is reduced to 1.2%. MRI compatible optical force sensors
in the literature for the range of 0–15 N present with errors in the order of 1.6% ([31]
0–6 N) up to 3% ([32] 0–15 N, 1 Hz) and Song et al. [14] presents FBG based force
sensing with force errors up to 0.5 N for loads up to 10 N. The force sensor
performance demonstrated in the current study is therefore comparable (sometimes
better) to that reported in the literature. Evaluation of the force sensor during soft
tissue indentation demonstrated its ability to record viscoelastic force histories
resulting from ramp and hold indentations, see Figure 10.
As referred to in Section 2.4 the indentor system was evaluated for use in the noninvasive investigation of tissue biomechanics. Indentation tests were performed on a
silicone gel phantom and the upper arm of volunteers. During indentation all
boundary conditions required for inverse FEA analysis of the biomechanical tissue
properties were acquired such as: (1) the indentation force derived from the FBG
sensor, (2) the complex soft tissue deformation acquired using SPAMM (SPAtial
Modulation of the Magnetization) tagged MRI [2,3], (3) the tissue geometry for the
construction of FEA models derivable from anatomical MRI and (4) muscle tissue
fibre architecture obtained from diffusion tensor MRI [42] to allow for analysis of
anisotropic material behaviour. Figure 13 shows the application of the indentor
system to indentation of a volunteer upper arm. Following application of SPAMM
tagged MRI in three mutually orthogonal directions dynamic 3D deformation could
be measured (Figure 13A and B). In addition diffusion tensor MRI allowed for
characterization of fibre architecture throughout the region of interest (Figure 13C)
and anatomical MRI scans provided the basis for the construction of detailed FEA
models (Figure 13D). Recently the MRI compatible indentor set-up was used for
validation of SPAMM tagged MRI based 3D soft tissue deformation measurement in
a silicone gel phantom and the upper arm of a volunteer [2]. The repeatable indentor
motion allowed for the quantification of deformation measurement accuracy and
precision at sub-voxel levels, further demonstrating the high level of repeatability of
the indentor motion.
Figure 14 shows two alternative applications for the MRI compatible indentor system,
large strain mechanical property investigation based on the combined use of SPAMM
tagged MRI and MR Elastography (see Figure 14A and the preliminary study [43])
and for validation of motion compensation techniques for dynamic contrast enhanced
imaging (Figure 14B). The indentor has also found application outside the MRI
environment for inverse mechanical property analysis combined with digital image
correlation [44].
Some limitations of the proposed MRI compatible indentor and force sensor system
are now discussed. The indentor system employs a hydraulic (tap water driven)
master slave system. If imaging is performed using read-out directions aligned with
the water filled actuator signal fold-over may occur. However this can easily be dealt
with using alteration of the read-out direction, field of view adjustments or fold-over
suppression techniques.
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At present the indentor stroke is limited to 44mm. This is sufficient for application to
(non-injury inducing) soft tissue indentation in human subjects. For other applications
requiring a larger range of motion the design can be scaled up. Due to the way that
compressive forces are converted to tensile forces in FBG sensor within the current
design, measurement of forces in the range 0–0.94 N are not possible at present since
the weight of the indentor head (0.94N) assembly needs to be overcome (in the case
of downward indentation). The force measurement range 0.94–15 N is however
sufficient for many purposes including large strain biomechanical soft tissue
investigation and indentation of the upper arm as presented here. Other researchers
have developed more complex tri-axial force sensor systems (e.g. [14,31,32,45]) for
MRI. However the uniaxial force measurements presented here ensured a simple and
compact indentor design and is sufficient for comparison to inverse FEA as the same
resultant uniaxial force can easily be generated as an output.
For the current study the Fibre Bragg Grating signal was acquired at 1 kHz however a
10-point data interleave was used for the optical interrogator leading to an effective
acquisition rate of 100 Hz. Although 100 Hz is deemed sufficient for the applications
of the current study, a sample rate up to 1 kHz is feasible with the employed optical
interrogator (or higher using more advanced interrogators). However acquiring the
sensor data at 1 kHz was not possible in the current study given the limitations in
computer speed and of the indentor control and data acquisition software used. The
computer control system must simultaneously record the FBG signals and record and
control the DC-motor behaviour and monitor the MRI TTL pulse in real-time. As
such in the future force measurement of up to 1 kHz will be possible with this
indentor given improvements in computational power and improvements in the data
acquisition software.
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Figure 13: SPAMM tagged MRI acquired during indentation (A) allowing derivation of 3D dynamic
deformation measurements (units mm) (B). Diffusion tensor measurements provide fibre architecture
(C), which together with anatomical MRI data allows for the construction of detailed finite element
models (D).

With the exception of the optical interrogator system the proposed MRI compatible
indentor system is relatively low in cost. The MRI compatible indentor slave system
components (used within MRI environment) are fabricated from non-conducting nonferromagnetic materials, which are all common engineering polymers (e.g.
polyoxymethylene). All non-standard components can be manufactured using simple
mill and rotating bench operations and all screws, tubes, fittings, the DC-motor and
master cylinder are commercially available. If readers are interested in the design
specifications or computer aided design files (based on Creo 1.0, Parametric
Technology Company, MA, USA) these can be made freely available upon request.
Together with MRI modalities such as SPAMM tagged MRI, the indentor system
allows for analysis of all boundary conditions required for the non-invasive
investigation of the complex mechanical properties of soft tissue. Future work will
focus on the use of the proposed system for the analysis of the non-linear elastic,
anisotropic and viscoelastic mechanical properties of skeletal muscle tissue with
application to the field of impact biomechanics and pressure ulcer prevention. This is

39
the first complete system for MRI based analysis of upper arm indentation in humans.

Figure 14: Example alternative applications of the MRI compatible actuator. For large strain MR
Elastography (MRE) measurements (A) and mounted for use with a specialized coil and phantom for
validation of motion compensation techniques during contrast enhanced imaging (B).

5 Conclusion
A novel MRI compatible indentor system is presented for the investigation of soft
tissue biomechanics. A master slave system was developed whereby a computer
controlled hydraulic master cylinder was used to provide highly repeatable motions to
an MRI compatible actuator. To evaluate the system in the MRI environment and
demonstrate its usefulness for soft tissue biomechanics investigation the system was
used for indentation of a silicone gel phantom and the upper arm of volunteers.
Repeatability was evident from the fact that MRI data for static repetitions showed
similar variations as those from dynamic motion repetitions. All indentor components
in the MRI room are non-ferromagnetic and non-conducting and hence MRI safe and
can be used in close proximity to the imaging subject. MRI compatibility was
demonstrated following imaging of a phantom and the presence of the MRI actuator
did not induce any artefacts or significant SNR changes. Embedded in the indentor
assembly is a novel high sampling speed (currently 100 Hz) optical FBG based force
sensor. The force sensor was calibrated for forces up to 15 N and demonstrated a
maximum force difference of 3.1% (maximum force difference magnitude was 0.043
N). Application of the force sensor in volunteer upper arm indentation showed the
sensor’s ability to register viscoelastic force decay resulting from ramp and hold
indentation.
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Abstract
Purpose: This study presents and validates a novel non-ECG-triggered MRI sequence
based on spatial modulation of the magnetization !SPAMM" to noninvasively
measure 3D quasistatic soft tissue deformations using only six acquisitions three static
and three indentations. In the current SPAMM tagged MRI approaches, data are
typically constructed from many repeated motion cycles. This has so far restricted its
application to the measurement of highly repeatable and periodic movements e.g.,
cardiac deformation. In biomechanical applications where soft tissue deformation is
artificially induced, often by indentation, significant repeatability constraints exist,
and for clinical applications, discomfort and health issues generally preclude a large
number of repetitions.
Methods: A novel non-ECG-triggered SPAMM tagged MRI sequence is presented,
whereby a single 1-1 first order SPAMM set is acquired following a 3D transient field
echo acquisition. Full 3D deformation measurement is achieved through the
combination of only six acquisitions three static and three motion cycles. The 3D
deformation measurements were validated using quasistatic indentation tests and
marker tracking in a silicone gel soft tissue phantom. In addition, the technique’s
ability to measure 3D soft tissue deformation in vivo was evaluated using indentation
of the biceps region of the upper arm in a volunteer.
Results: Following comparison to marker tracking in the silicone gel phantom, the
SPAMM tagged MRI based displacement measurement demonstrated subvoxel
accuracy with a mean displacement difference of 72 µm and a standard deviation of
289 µm. In addition, precision of displacement magnitude was evaluated for both the
phantom and the volunteer data. The standard deviations of the displacement
magnitude with respect to the average displacement magnitude were 75 and 169 µm
for the phantom and volunteer data, respectively.
Conclusions: The subvoxel accuracy and precision demonstrated in the phantom in
combination with the precision comparison between the phantom and the volunteer
data provide confidence in the methods presented for measurement of soft tissue
deformation in vivo. To the author’s knowledge, since only six acquisitions are
required, the presented methodology is the fastest SPAMM tagged MRI method
currently available for the noninvasive measurement of quasistatic 3D soft tissue
deformation.
Key words: MRI, pulse sequence, SPAMM, soft tissue, motion, deformation,
biomechanics
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1 Introduction
Magnetic resonance imaging MRI based analysis of human soft tissue deformation in
vivo has many important applications, for example, the study of cardiac biomechanics
[1,2] assessment of tumor motion [3] and preoperative planning [4]. Furthermore,
when combined with inverse analysis, it enables the noninvasive determination of the
mechanical properties of human soft tissue [5]. This has potential for tumor detection
[6] and the development of constitutive models of human soft tissue. These
constitutive formulations are vital for computational models of tissue stress and strain,
muscle load, and joint reaction force, all of which cannot generally be measured in
vivo [7,8]. Such models are applied, for example, in the prediction of tissue trauma
[9], pressure ulcers [10,11], analysis of tissue engineering constructs [12] and realistic
surgical simulation [13]. The work presented here is part of a larger study using
indentation tests on the human arm and MRI based measurement of soft tissue
deformation to determine the mechanical properties of passive living human skeletal
muscle tissue.
MRI provides excellent soft tissue contrast without exposing subjects to ionizing
radiation. As such, a large variety of MRI based methods have been developed to
noninvasively analyze soft tissue deformation. These can be roughly subdivided into
(1) methods that rely on anatomical features e.g., using correlation methods [14,15]
or deformable models and nonrigid image registration [16] and, since anatomical
features may be insufficient, (2) methods that rely on implanted markers [17], and
finally (3) methods that rely on specialized MRI sequences and signal modulation,
where phase contrast MRI methods [18,19] or methods based on spatial modulation of
the magnetization SPAMM"[20,21] are common [1,2,22,23]. The latter is the focus of
this paper.
In SPAMM tagged MRI sequences, the magnetization is modulated using
radiofrequency pulses and magnetic field gradients, resulting in saturated bands in the
magnetization distribution and, as a consequence, contrasting patterns in the image
data. These patterns act as temporary markers locked in the tissue whose appearance
reflects any underlying tissue motion. Typically, SPAMM tagged MRI methods are
gated and image acquisition is synchronized with the motion cycle e.g., to heartbeats
using electrocardiograms, whereby only part of the k-space is acquired within each
cycle, and acquisitions from multiple motion cycles are used to compose a dataset
representing a single motion cycle. This has confined the application of SPAMM
tagged MRI to the analysis of highly repeatable and periodic movements and has
mainly been applied to the heart [1,2,24], but more recently also to study repeated
natural or induced motions of the tongue [25], brain [26], eyes [27], and rat skeletal
muscles [28]. The number of repetitions used varies, depending on the temporal and
spatial resolution from 16 per slice [25] to over a hundred [26]. In the latter study, 2D
brain strain was estimated following 144 repeated angular accelerations of the head.
However, discomfort, health issues, and clinical conditions that affect repeatability
e.g., cardiac arrhythmia often preclude the use of a large number of repetitions. Faster
approaches have recently been developed for estimation of 2D lung tissue movement
[29] but these cannot be applied to other tissue sites or to a clinical setting as inhaled
hyperpolarized 3He gas was used as a contrast medium, thus accelerating the image
acquisition.
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As the above review demonstrates, current SPAMM tagged MRI methods often
require a large number of repetitions. This is, however, undesirable for biomechanical
application such as muscle indentation since it (1) causes volunteer discomfort; (2)
results in long scanning times; (3) hinders the analysis of dynamic biomechanical
tissue responses, e.g., viscoelasticity and preconditioning; and (4) places
repeatability constraints on both the imaging and the load inducing devices. Hence,
the purpose of the current study was to develop and validate SPAMM tagged MRI
based methods to accurately measure 3D quasistatic soft tissue deformation requiring
a minimum of repeated motion indentation cycles. The focus of this paper is therefore
on optimization for speed and on the reduction in the number of repeated acquisitions
required.
Many approaches have been proposed to derive motion from SPAMM tagged MRI
data; e.g., using nonrigid image registration [30], computational models [31],
harmonic phase HARP methods [32], and 3D tag surface analysis [33,34] (for
detailed reviews on this topic, see Refs. 1, 2, and 22). In general, post processing
methods aim at deriving tissue displacement via the analysis of the change in the
shape of tags or derived phase features. However, factors such as noise, artifacts, and
anatomical disturbances may cause ambiguities in tag analysis and this has led to the
use of various regularization strategies. For example, large numbers of repetitions,
signal averages, and interpolation have been employed, as well as assumptions about
the nature, repeatability, and smoothness of the deformation [2] e.g., by fitting prolate
spheroidal B-spline models of the heart to multiple 1D displacement measurements
[32]. Since the validation of constitutive models of soft tissues requires accurate
measurement of tissue anisotropy and nonlinearity, assumptions about the nature of
the deformation are not desirable in the current study. In contrast, if intersections are
computed for tag surfaces in three initially orthogonal directions, these provide
material points [33,34] which, when tracked, offer a reliable measurement of 3D
displacement without the requirement for assumptions on the nature of the
deformation. Therefore, this approach was adopted for the current study. Many
current post-processing methods have been developed for data derived from repeated
acquisitions, which provides increased resolution and signal to noise ratio SNR with
respect to the data used in the current study. Therefore, a novel post-processing
framework, based on tracking of tag surface intersections, was developed. This allows
for the accurate computation of 3D soft tissue deformation from low resolution and
noisy data while avoiding unrealistic assumptions on the nature of the deformation.
Validation of the derived displacement measurements requires comparison against a
“gold standard” reference measure. Since such a reference measure is often not
present in vivo, many studies have used numerical and physical models for validation.
However, in many cases, the reliability of the reference itself is not known or
evaluated. In one study, validation with implanted crystals and sonomicrometric
measurements was performed [35], but crystal locations were verified manually and
matching problems between MR and sonomicrometric measurements occurred.
Recently, a novel validation framework for MRI based deformation measurement was
proposed based on a deformable silicone gel phantom containing contrasting spherical
markers [36]. The gold standard reference is made available through marker tracking.
The validation methodology was itself independently validated using image
simulations error smaller than 0.12 voxels and therefore provides a reliable gold
standard for the evaluation of the SPAMM derived deformation measurement. This
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validation approach was therefore adopted for the current study.

Figure 1: Diagram of the SPAMM pulse sequence and 3D TFE readout. The 1-1 SPAMM prepulse (a)
modulates the signal, followed by a desired time delay (b) after which a 3D volume is acquired (c). The
acquisition can be repeated n times for each direction.

This paper presents a novel non-ECG-triggered SPAMM tagged MRI sequence for
the accurate measurement of quasistatic 3D soft tissue deformation. A parallel tag
pattern is introduced using a single 1-1 first order SPAMM prepulse, followed by a
3D transient field echo TFE acquisition. In order to derive 3D deformation, the
intersections of three sets of orthogonally placed tag surfaces are computed and
tracked from their initial to their deformed configurations. The tag surfaces are
segmented using a newly developed sheet marching algorithm. Only six acquisitions
three static and three indentations are required for measurement of 3D soft tissue
deformation. To the best of our knowledge, this makes the SPAMM tagged MRI
based techniques presented here the fastest available for the noninvasive measurement
of quasistatic 3D soft tissue deformation. The deformation measurements were
validated by indentation tests using a custom designed MRI compatible soft tissue
indentor and marker tracking [36] in a silicone gel phantom. In addition, the
performance of the method was evaluated in vivo using indentation of the biceps
region of the upper arm of a volunteer. Marker tracking in the phantom allowed for
the determination of the accuracy and precision of the displacement measurements,
and the latter was also compared to the measured precision in vivo.

2 Methods
2.1 MRI sequence design
For the current study, a novel MRI sequence, based on SPAMM [20,21] was used
which forms an expansion of a sequence earlier developed for 1D bowel motion
estimation [37] to the measurement of 3D soft tissue deformation. The sequence was
applied to a silicone gel phantom for validation and to a volunteer for in vivo
evaluation. A schematic for the pulse-sequence design is shown in Figure 1, and
Table I provides a summary of the scanning parameters and configurations used in
this study and illustrates three slices for each dataset recorded. A 5 ms single 1-1 first
order SPAMM prepulse imposes a [Figure 1(a)] temporary sinusoidal modulation on
the Z-magnetization and thus also on the signal magnitude, causing it to vary
sinusoidally from normal to severely reduced. The reduced signal regions form a
parallel surface pattern in the tissue visible as low intensity lines in 2D slices. These
surfaces are generally referred to as tags. After the tag prepulse, a time delay [Figure
1b] is introduced during which the tissue indentation occurs. Subsequently, after the
indentation is complete and the time delay has ended, a full 3D volume is acquired
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using a single 3D TFE readout. A TFE readout equivalent to turbo field echo in
Philips nomenclature was chosen in order to minimize acquisition times. The 3D TFE
sequence was configured with a Cartesian acquisition mode in k-space, the profile
order was set to low-high, a radial turbo direction was used, and in the z-direction the
resolution was doubled during reconstruction. No acceleration techniques were used.
Tag spacings of 6 and 9 mm were used for the phantom and human volunteer,
respectively. The sequence was implemented on a 3.0T Philips Intera scanner (Philips
Healthcare, Best, The Netherlands), scans were performed using two FLEX-M coils.
A total of six acquisitions are used for the computation of tissue deformation, three
repeated datasets with mutually orthogonal SPAMM directions for both the initial and
the deformed configurations.
Since the tag surface pattern is temporarily locked in the tissue (fades due to T1
relaxation), the deformation of the tissue, which occurred between prepulse and
readout, is reflected in the deformation of the tag surface pattern. However, unless the
assumption is made that tag surfaces are planar in their undeformed configuration
(and if no within-surface reference points are available), a single set of tag surfaces
only provides tag surface shape, not a component of displacement. Since field
inhomogeneities at the region of interest (upper arm) cause the initial tag surfaces to
be mildly deformed, the initial states were not assumed flat. Therefore, for both the
initial and the deformed configurations, three repeated datasets were acquired with
mutually orthogonal SPAMM directions. The intersection points of the orthogonal tag
surfaces provide trackable material points and the 3D displacement of these material
points is given as the difference between their coordinates in the initial and deformed
configurations. Due to the tag spacing applied, a grid of 6x6x6 mm3 and 9x9x9 mm3
of points can be tracked for the phantom and volunteer, respectively.
In many SPAMM tagged MRI studies, acquisitions are gated, for instance, in cardiac
applications2 by triggering the scan sequence to the electrocardiogram in order to
synchronize imaging with the heart motion cycle. However, in the current study,
external loading indentation is applied to in duce deformation and no physiological
trigger is available. As such, the external trigger dependence was removed. Instead,
the scanner was used to generate a 40 ms transistor-transistor logic (TTL) pulse
allowing for the appropriate and repeatable timing of the indentation. In Figure 1, n
stands for the number of dynamics. For validation purposes, 20 dynamics were
acquired for each SPAMM direction. During the acquisition of these dynamics, the
indentor was repeatedly activated. Prior to each indentation, an initial, undeformed
configuration was acquired during which the tissue/gel was static. The indentor was
then activated following a TTL pulse generated after SPAMM deposition [Figure 1a].
Then, after the indentor is static in its final location and after the delay time has been
reached, the deformed configuration is acquired using the 3D TFE readout [Figure
1c]. No motion occurs during this readout. The indentor then is slowly moved to its
original position following a pause of 3s. The dynamics acquired during the pause and
slow unloading were not used. Once the indentor has returned to its initial location,
the above cycle is repeated and a new initial configuration is acquired. Scanning
parameters were optimized for each scan direction, leading to varying scan durations
and thus the varying numbers of acquired initial and deformed configurations for each
scan direction shown in Table I.
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2.2 The validation setup: Indentor and soft tissue phantom
Validation of the soft tissue deformation measurement was achieved using indentation
tests on a silicone gel phantom [Figure 2a]. The phantom’s cylindrical shape (120 mm
long and 80 mm in diameter) and stiff polyoxymethylene (POM) “bonelike” core (20
mm in diameter) represents an idealized geometry of the upper arm, allowing
simulation of comparable deformation modes. The silicone gel (SYLGARD® 527
A&B Dow Corning, MI) simulates soft tissue as its stiffness [5] and MRI properties
[38] are within the range of human soft tissue. For human muscle tissue at 3T, the
literature reports T1 and T2 relaxation times in the ranges of 898–1420 and 29–50 ms,
respectively [39–41]. Estimates for the silicone gel used for the current study (gel
mixing ratio: 1:1), derived from regions of interest in an inversion recovery and a
multiecho sequence, are 1026 ms standard deviation: 23 ms and 104 ms standard
deviation: 2 ms, respectively. The similarity of the T1 relaxation times is most
relevant to the current study since it relates to SPAMM tag persistence.
In order to create the gold standard reference for measurement of tissue deformation,
spherical POM balls of 3±0.05 mm in diameter (The Precision Plastic Ball Co Ltd.,
Addingham, U.K.) were embedded within the gel volume at approximately 15 mm
intervals. These markers have low signal compared to the gel and can be tracked from
high resolution!0.5 mm isotropic voxels T2 weighted images to provide an
independent measure of deformation, thus allowing for the evaluation of accuracy of
the deformation measurement. The bottom row in Table I show three slices for the T2
weighted data in the initial and deformed configuration. In addition, the segmented
markers are shown here as voxels. The marker tracking methods have been previously
described [36] and demonstrated errors under 0.12 voxels (0.05 mm). In addition to
the phantom validation, the ability to measure soft tissue deformation in vivo was
demonstrated using indentation tests on the biceps region of the upper arm [see Figure
2(b)] of a healthy volunteer (female, age: 24, height: 1.65 m, weight: 65 kg, ethical
approval and informed consent obtained). The gel phantom and the volunteer’s upper
arm were subjected to static transverse ramp (~12 mm) and hold (3s) indentations (at
a speed of ~40 mm/s) using a custom designed, hydraulically powered and MRI
compatible soft tissue indentor [Figure 2(b)]. The indentor is also equipped with a
high speed MRI compatible force sensor, enabling measurement of force boundary
conditions required for inverse analysis of tissue mechanical properties. The indentor
head is cylindrical (45 mm in diameter) and its speed and depth can be varied via a
computer controlled hydraulic master cylinder. As mentioned before, appropriate and
repeatable timing of the indentation was achieved via triggering toward a 40 ms TTL
pulse generated by the scanner prior to imaging.
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TABLE I. MRI acquisition matrix

Initial

Deformed

Number of

SPAMM type,

Field of view (mm),

#

Reconstructed

configuration

configuration

acquisitions

Slice orientation,

Acquisition matrix

slices

voxel

TR/TE (ms)

(frequency x phase),

dimensions

Read-out time (ms)

(mm)

Volunteer SPAMM tagged MRI
6 Initial

Z 1-1 SPAMM

130x130x52.5

7 Deformed

YZ slices

64x65

2.18/1.02

1800

4 Initial

Y 1-1 SPAMM

253x253x45

4 Deformed

XY slices

124x84

2.29/1.11

1500

4 Initial

X 1-1 SPAMM

253x253x45

4 Deformed

XY slices

124x84

2.18/1.02

1500

10 Initial

Z 1-1 SPAMM

130x130x67.5

5 Deformed

YZ slices

88x84

2.39/1.16

2100

10 Initial

Y 1-1 SPAMM

130x130x52.5

5 Deformed

YZ slice

80x80

2.51/1.21

2400

7 Initial

X 1-1 SPAMM

130x130x67.5

6 Deformed

XZ slices

88x87

2.39/1.16

2100

1 Initial

T2 Weighted

120x120x80

1 Deformed

XZ slices

240x240

2500/637.79

10min

35

1.35x1.35x1.5

15

0.88x0.88x3

15

0.88x0.88x3

45

1.35x1.35x1.5

35

1.35x1.35x1.5

45

1.25x1.25x1.5

160

0.47x0.47x0.5

Phantom SPAMM tagged MRI

Phantom T2 weighted MRI

Figures 2(c) and 2(d) illustrate several image slices with the tag lines for the phantom
and volunteer data in the initial and deformed configurations. In addition, isosurfaces
are shown, which clearly indicate the circular indentation sites in the deformed
configuration. For clarity, all figures are presented with a similar 3D orientation such
that the reader maintains a reference toward the orientation and location of the
indentation.
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Figure 2: The silicone gel soft tissue phantom (a), the MRI compatible indentor placed at the
volunteer's upper arm (b), and the isosurface plot showing the indentation sites for the phantom (c)
and volunteer (d).

2.3 Deriving tissue deformation from the SPAMM tagged MRI data
In order to extract soft tissue deformation from the SPAMM tagged MRI, data were
analyzed using novel post-processing methods developed in MATLAB (The
Mathworks Inc., Natick, MA). The MRI data (DICOM files) were uploaded and slices
were combined into 3D volume matrices and the data were normalized toward
maximum intensity. No filtering was applied. Post-processing was performed in the
following steps: (A) Logic masking to identify potential tag voxels, (B) connectivity
analysis to remove irregularities e.g., anatomical disturbances, (C) sheet marching to
segment the tags and fit surfaces, and finally (D) calculation of tag surface
intersections, whereby tag surface intersection points for the initial and deformed
configurations were used to derive the displacement vector field. The latter two
geometric operations [(C) and (D)] occur in a regular Cartesian space (patient
coordinate system), whereby the non-uniform voxel dimensions are taken into
account.
2.3.1 Logic masking
Logic masking was used to determine the tag surface orientation and to identify
potential tag voxels. A 3D cross-shaped mask was used to act as a logic operator
testing the mask environment for certain criteria. The mask dimensions can be altered
according to the tag thickness. The logic masking checks whether the outer mask
elements are of higher intensity than the voxel it is centered on. The cross-shaped
mask can be seen as being composed of three mutually orthogonal segments acting in
the nominal axis directions. The overall dominance of any of these segments allows
for the detection of global tag surface orientation. For voxels that are a part of a tag
surface, there is at least one higher intensity element on both sides of one of the
orthogonal segments. The result of this analysis step was a binary logic matrix. Figure
3(a) shows Y 1-1 SPAMM data for the human volunteer. In Figure 3(b), the tag

54
voxels for these slices, identified using masking, are overlaid as voxels (gray and
black). However, MRI is complicated by noise, possible artifacts, and, in addition,
anatomical features may induce additional intensity variations in vivo. Such
disturbances may result in false positive tag voxels (e.g., at the muscle/fat boundary in
Figure 3). However, tag surfaces are, by definition, continuous structures in the
absence of shearing and this knowledge can be used a priori to correct for possible
false positive tag voxels using the connectivity analysis presented next.

Figure 3: Three slices for the human Y 1-1 SPAMM data (a) and the same slices with overlaid tag
voxels, those that pass the connectivity analysis are shown in black, while those that are discarded are
shown in gray (b).

2.3.2 Connectivity analysis
In order to remove false positive tag voxels, connectivity analysis was performed. A
voxel’s tag connectivity in a certain direction was defined as the number of tag voxels
it is connected to in this direction. For instance, each tag voxel in a column of n tag
voxels has a connectivity of n in the column direction. If a voxel is part of a
continuous tag, its connectivity in the perpendicular direction should reflect the
thickness of the tag, while in the parallel directions, it should reflect the local tag
width and length, respectively. These connectivity measures distinguish false
positives from tag voxels and allow for their removal. Voxels discarded in this way,
e.g., those near the bone and the muscle/fat boundary, are shown in gray in Figure
3(b). For the phantom data, tag voxels that formed bridges between two adjacent tags
due to markers were removed in this way.
2.3.3 Sheet marching
Segmentation of the tag surfaces was achieved using a novel sheet marching
algorithm in which tag surfaces were represented by cubic spline surfaces that “grow”
using two moving fronts from manually determined start and end locations graphical
user interface assisted selection involving around 5 min of user interaction per dataset.
Each surface grows from the extremities inward and marches toward the opposite side
guided by the tag voxels identified using masking and connectivity analysis. This
process consists of two main steps that are repeated until the surface was complete:
(1) Extrapolation of surface fronts and (2) update extrapolated fronts using weighted
averaging.
2.3.3a
Extrapolation of surface points. Tag surfaces were represented as cubic
spline surfaces, which were determined through minimization of the following
expression (see MATLAB csaps function and Ref. 42):
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Here, g(xi) represents the experimental data values and f(xi) represents the surface fit
!
at each coordinate
point in the array xi. The parameter µ ! [0, 1] controls the degree
of smoothing, i.e., the “stiffness” of the marching sheet (µ=0 produces a linear leastsquares fit, while µ= 1 produces the “natural” cubic spline interpolant); here, µ= 0.05
was used. Using the cubic spline formulation and the currently defined tag surface
initially only the start and end points, the coordinates of the next steps inward (on
both fronts) are estimated using extrapolation.

Figure 4: Several slices for the phantom showing, from A to C a tag surface as it marches from the
periphery of the data inwards. Tag voxels that guide the process are shown in black.

2.3.3.2
Update extrapolated fronts using weighted averaging. The next step is to
update the extrapolated fronts using a weighted average of the potential tag voxels
that are found on the tag surface and up to one tag thickness offset from the tag
surface in both perpendicular directions. The manually determined tag surface start
and end locations are also updated to remove possible user bias. The averaging
weights are linearly derived from the voxel intensities such that low intensity voxels
are favored. These are more likely to be part of tags and this ensures that the surface
closely follows the center of the tags. After this update, the next steps are extrapolated
until the two moving fronts reach the opposite side of the field of view. The fronts
thus cross each other after meeting in the middle and each coordinate is effectively
updated twice. This is to remove possible “overshoot” and “undershoot” bias due to
the marching direction of the sheet. Once the fronts have reached the opposite side, a
final surface is fitted to all data points using µ=0.05. At surface locations where no
tag voxels are found, a cut or a void is introduced in the surface. This also allows for
handling of local surface shearing. Figure 4 illustrates the stepwise sheet marching for
one of the phantom tag surfaces. Tag surfaces were segmented for both the phantom
and the volunteer data and for all directions and repetitions (see column 3, Table I). In
addition, a single average surface set was constructed from various repetitions for
each direction (Figure 5).
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Figure 5: The segmented tag surfaces for the phantom (a) and volunteer data (b) in the deformed
configuration.

2.3.4 Calculation of tag surface intersections and displacement field. Figure 5
demonstrates how the average tag surfaces for the three orthogonal directions
intersect each other. The next step was to find the intersections for these surfaces as
these represent material points that can be tracked over time. This was done as
follows: First, the shape of a first surface was sampled onto all coordinates defining
the second surface. Then, the intersection curve of these two surfaces was found by
solving where the subtraction of these surfaces equals zero. Finally, the intersection
point of all three surfaces can then be found by calculation of the intersection of this
curve with the third surface. Using this approach, all intersection points or tag points
for the initial and final configurations could be found. Since tag surfaces were
numbered, this provided a reference to match the corresponding tag points in both
configurations. As such, the initial and final coordinates could easily be used to
construct a 3D displacement vector field, whereby the displacement was simply
defined as the difference between the deformed and the initial coordinate sets. This
approach was followed for all individual surface sets and also for the overall average
surface sets. Figure 6 shows the average vector fields (derived from the average
surface sets) obtained for the phantom and volunteer data. The arrow orientations
indicate displacement direction and the arrow lengths indicate the magnitude of
displacement. For both the phantom and the volunteer data, the displacement field
demonstrates the inhomogeneous nature of the deformation induced by the
indentation.

2.4 Analysis of precision and accuracy
For the current study. the following precision and accuracy measures were evaluated:
(1) Precision of tag point location,#(2) precision of displacement magnitude, and (3)
accuracy of displacement measurement in the phantom. As shown in column 3 of
Table I, each tagging direction was repeated several times. This allows for the
generation of a large number of combinations of initial and deformed surface sets
whose intersections yield the initial and deformed tag point sets. For instance, for the
phantom data, there were 700 (10x10x7) possible combinations of initial and 150
(5x5x6) combinations of deformed tag point sets, resulting in 105000 (700x150)
possible displacement field combinations (see column 3 of Table I). The repetitions
and combinations can be used to analyze the precision of the methods employed.
However, to limit computational time, the precision was analyzed by using 20 random
combinations of initial and deformed surface sets, which resulted in 20 initial and
deformed tag point sets and 400 (20x20) displacement vector fields for both the
volunteer and the phantom dataset. Each coordinate set was compared to the overall
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average coordinate sets to evaluate precision of tag point locations. Similarly, the
precision of the displacement magnitude was assessed by comparison to the overall
average displacement magnitude. Finally, for the phantom, the average displacement
field was compared to the gold standard displacement measured using marker
tracking. This was done by using the average displacement field and the initial marker
locations to predict (using interpolation) the marker locations in the deformed
configuration. The difference between this predicted displacement and the actual
marker displacement provides a measure of the accuracy of the SPAMM tagged MRI
based displacement measurement. Gaussian mixture distributions (see MATLAB
gmdistribution function and Ref. 43) were used for statistical analysis of the tag point
location precision and the displacement accuracy. The overall mean was defined as
the quadratic mean of the means in the X, Y, and Z directions, while the overall
standard deviation was defined as the square root of the mean eigenvalue of the
covariance matrix. In addition, root mean square (RMS) values were computed for
comparison to values in literature.

Figure 6: The average displacement fields for the phantom (a) and human volunteer data (b). Initial
points are colored according to the displacement magnitude (in mm) and the displacement vector
arrows point toward the tag points in the deformed configuration.
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3 Results
3.1 Precision of tag point location
As outlined in Sec. II, 20 random tag point sets were evaluated for both the initial and
the deformed configurations. For each tag point, the location difference with respect
to the corresponding average tag point was calculated. For the phantom and volunteer
data, 41 040 (2052 tag points/set and 20 random combinations) and 5760 (288 tag
points/set and 20 random combinations) tag points were evaluated. Figure 7 shows
scatterplots for all tag point location differences for the phantom [(a) and (b)] and
volunteer data [(c) and (d)]. Note that most points are concentrated at the center and
therefore overlap.
For the phantom data, the overall mean location difference and standard deviation
were 3 and 42 µm, respectively, for the initial configuration. Similarly for the
deformed configuration, the overall mean and standard deviation were 5 and 59 µm.
The RMS values were 74 and 103 µm for the initial and deformed configurations,
respectively. The largest tag point location differences in the initial and deformed
configurations were 1.41 and 1.46 mm, respectively. These outliers (differences larger
than 250 µm) represented less than 1% for both the initial and the deformed
configurations and are always found at the edges and corners of surfaces and surface
interruptions (e.g., bonelike core) where surface segmentation is based on less
information.

Figure 7: Tag point location difference scatter plots for the phantom (A and B) and human volunteer
data (C and D) for both initial (A and C) and deformed configuration (B and D). Shading represents
differences with respect to average (in mm); outer sphere radius is equal to the maximum difference.
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Similarly for the volunteer data, the overall mean and standard deviation were 3 and
118 µm, respectively, for the initial configuration and 7 and 137 µm for the deformed
configuration. The RMS values were 204 and 238 µm for the initial and deformed
configurations, respectively. The largest tag point location differences in the initial
and deformed configurations were 0.75 and 1.27 mm, respectively. Again these
differences represented isolated cases that were rare in occurrence as differences of
magnitudes over 0.5 mm represented only 0.9% and 1.5% for the initial and deformed
configurations, respectively.

3.2 Precision of displacement magnitude
For both the phantom and the volunteer data, a total of 400 displacement fields were
derived from the 20 random tag point sets in the initial and deformed configurations.
For each location, the difference in displacement magnitude with respect to the
corresponding average displacement magnitude (derived from the average surface set
intersections, see Secs. II C and II D) was calculated. To study the effect of
displacement on the precision of displacement magnitude measurement, Figure 8(a)
shows the distribution of displacement magnitude differences for the phantom data as
a function of the average displacement magnitude. Figure 8(b) is a plot of the mean
and standard deviation of the displacement magnitude differences as a function of the
average displacement magnitude of the phantom data. Similarly for the volunteer
data, this is shown in Figs. 8(c) and 8(d).

Figure 8: The normalized distributions of the displacement magnitude differences as a function of the
average displacement magnitude for the phantom (A) and human volunteer data (C), and the mean
displacement magnitude difference (bottom curves in B and D) and standard deviation (top curves in B
and D) as a function of the displacement magnitude for both the phantom (B) and the human volunteer
data (D).
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For both datasets, the mean displacement magnitude differences varied little with
increasing displacement. The overall mean and standard deviation for the phantom
data were 6 and 75 µm, respectively, and for the volunteer data the mean and standard
deviations were 5 and 169 µm, respectively. However, there were some outliers
present for the higher displacement levels up to a maximum of 1.48 mm for the
phantom and 1.13 mm for the volunteer data. Displacement magnitude differences
larger than 0.5 mm represented only 0.1% and 0.2% for the phantom and volunteer
data, respectively. As expected, the larger differences occurred in locations where
reduced surface information was available in the initial and/or deformed
configurations (see also Sec. III A). These were similarly identifiable, allowing
exclusion if desired. Since the deformation mode was indentation against a bone (or
bonelike core), the larger displacements also coincide with locations where
segmentation of tag surfaces was more challenging and/or incomplete, e.g., the gap
introduced by the bone. This therefore partially explains the slight increase in
variation with displacement magnitude visible in Figs. 8(b) and 8(d).

3.3 Accuracy of displacement measurement in the phantom
Figure 9(a) shows the marker locations in the initial (blue) and deformed
configurations (green) for markers (n = 34) that were properly embedded within the
(convex hull of the) average displacement field [Figure 6(a)]. Following comparison
with marker displacement, the accuracy of the tag point displacement measurement
was evaluated. Using the average displacement field, the marker locations in the
deformed configuration were predicted [red in Figure 9(a)]. Note how the predicted
and measured marker locations in the deformed configurations overlap. The
difference between the predicted marker displacement and the actual marker
displacement provides a measure of the accuracy of the displacement measurement.
Figure 9(b) shows the differences as a 3D scatterplot. The overall mean difference
and standard deviation were 72 and 289 µm, respectively. The RMS values for the
displacement differences in the X, Y, and Z directions were 253, 354, and 278 µm,
respectively. The maximum difference (891 µm) was found near the edge of the
displacement field where predictions were more limited due to the reduced amount of
displacement information available here. No relationship with displacement
magnitude was observed.
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Figure 9: The 34 markers in their initial, deformed and predicted deformed locations (A), and a scatter
plot for the difference between the measured and predicted marker locations in the deformed
configuration (B). Points are shaded according to the magnitude of the difference (nm). The inner and
outer sphere radii reflect the overall standard deviation, and maximum difference observed
respectively.

4 Discussion
MRI based measurement of soft tissue motion combined with inverse (finite element)
analysis is a powerful method for soft tissue constitutive model parameter
identification, which is vital in a diverse range of applications including impact
biomechanics [9], rehabilitation engineering [11], surgical simulation [13], soft tissue
drug transport [44], and diagnostic medicine, e.g., tumor detection [6]. The work
presented here is part of a study aiming to use indentation tests on the human arm and
the SPAMM tagged MRI based measurement of (complex 3D) soft tissue
deformation for the determination of the mechanical properties of passive living
human skeletal muscle tissue.
Current SPAMM tagged MRI approaches to noninvasive measurement of in vivo
human soft tissue deformation require the combination of many repeated motion
cycles. This has so far generally limited the biomechanical and clinical applications of
SPAMM tagged MRI to the study of highly repeatable and periodic movements such
as those present in the heart [1,2,24]. The large number of repetitions is undesirable
for biomechanical applications such as muscle indentation where it causes volunteer
discomfort, long scanning times, and hinders the analysis of the dynamic
biomechanical tissue response. Therefore, the purpose of the current study was to
develop and validate SPAMM tagged MRI based methods to accurately measure
quasistatic 3D soft tissue deformation requiring a minimum of repeated motion
(indentation) cycles.
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A novel (non-ECG-triggered) SPAMM tagged MRI sequence (3D expansion of Ref.
37) for the measurement of quasistatic 3D soft tissue deformation has been presented.
In order to derive 3D soft tissue deformation, a total of six (3D TFE) acquisitions are
used; three repeated datasets with mutually orthogonal 1-1 (first order) SPAMM
directions for both the initial and the deformed configurations. Tag surfaces were
segmented using a novel sheet marching algorithm. The intersection points of the
segmented tag surfaces from three initially orthogonal directions provided trackable
material points throughout the volume and allowed for the measurement of 3D
deformation. To our knowledge, since the presented methods require the acquisition
and combination of only three deformed and three initial configurations, the presented
methodology is the fastest SPAMM tagged MRI method available for the noninvasive
measurement of quasistatic 3D soft tissue deformation.
Quasistatic indentation tests, using an MRI compatible soft tissue indentor, and
marker tracking [36] were performed on a silicone gel soft tissue phantom to validate
the ability of the proposed methodology to measure 3D soft tissue deformation. The
derived displacement demonstrated subvoxel accuracy with a mean displacement
difference of 72 µm and a standard deviation of 289 µm. The performance of the
methodology in vivo was also demonstrated using indentation of the biceps region of
the upper arm of a volunteer. In addition, several precision measures were evaluated
for both the phantom and the volunteer data. For the silicone gel phantom, the tag
point location precision showed a mean and a standard deviation of 3 and 42 µm,
respectively, for the initial configuration, and 5 and 59 µm, respectively, for the
deformed configuration. Similarly for the volunteer, the tag point location precision
showed a mean and a standard deviation of 3 and 118 µm, respectively, for the initial
configuration, and 7 and 137 µm, respectively, for the deformed configuration. In
addition, displacement magnitude precision was evaluated for both datasets. For the
phantom, the displacement magnitude precision showed a mean and a standard
deviation of 6 and 75 µm, respectively, and similarly for the volunteer, a mean and a
standard deviation of 5 and 169 µm, respectively. The subvoxel accuracy and
precision demonstrated in the phantom in combination with the precision comparison
between the phantom and volunteer data provide confidence in the methods presented
for measurement of soft tissue deformation in vivo.
Comparison of the validation results with previous studies is difficult since among
other things the deformation modes and magnitudes investigated and the nature of the
reference measure vary greatly. However, some comparison with previous methods is
appropriate to demonstrate the benefits of the new approach. Young et al. [45]
recorded angular displacement of a silicone gel phantom using tagged MR images and
evaluated the results using numerical and analytical modeling and 2D surface
deformation derived from optical tracking of lines painted on the phantom surface. A
RMS error for the longitudinal translation between the magnetic tags and the
analytical model (verified by comparison with the optically measured deformation of
the painted stripes) was 0.24 mm. Similarly, Chen et al. [46] recently validated their
tagging methods using a numerical phantom and reported RMS errors ranging from
0.15 to 0.37 mm (depending on cardiac phase). Xu et al. [47] validated 3D tagging
analyzed using optical flow methods using simulated deformation. The displacement
in the X, Y, and Z directions demonstrated RMS errors of 0.43, 0.45, and 1 mm,
respectively. For the current study, the measurement of deformation was validated
using marker tracking in a silicone gel soft tissue phantom demonstrating subvoxel
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accuracy with a mean displacement difference of 72 µm and a standard deviation of
289 µm (RMS values for the displacement differences in the X, Y, and Z directions
were 253, 354, and 278 µm, respectively). The errors presented in the current study
are likely due to noise; however, despite the fact that only six acquisitions (three static
and three indentations) are used and that SNR levels may be relatively low, the
accuracy and precision of the methodology presented are of similar order of
magnitude to recent methods involving many repetitions.
Initial tag surface locations are currently determined from three initial configuration
datasets. These can be acquired rapidly in series. It is, however, possible to avoid the
use of these initial configurations through certain assumptions about the initial state of
tag surfaces. If tag surfaces in the deformed configuration can be segmented
successfully and are sufficiently continuous (not sheared), if their initial state is
assumed planar, and if no rigid body movement occurred, then the planar segments of
the tag surfaces in undeformed regions can be used for the approximation of initial tag
surface shapes and locations. However, this may result in inaccuracies as field
inhomogeneities are known to result in nonplanar initial tag surface shapes.
Presently, the sheet marching algorithm is seeded using manually determined start
and end tag surface locations. However, the validation presented here is independent
of these manually determined initial estimates since they were updated and replaced
by coordinates based on the data. Although the time required for these manual
processes is deemed short (~10 min of parameter adjustment and 15 min of GUI
assisted manual start and end point selection) for both current and possibly most
clinical applications, in the future it is possible to replace the manual seeding by
automatic start and end location identification.
The present study has several limitations. The methods presented here have only been
evaluated for measurement of quasistatic deformation measurement since for each
motion cycle the deformation only occurred during the time delay introduced between
the prepulses and the tissue was static during the readout (and during time delay for
acquisition of initial configurations). Therefore, the methods have only been validated
and evaluated for quasistatic motions and for cases where the motion is controllable in
the sense that three static initial configurations and three repeatable motion cycles can
be measured. Such cases include biomechanical applications involving external soft
tissue indentation. The performance of the methods presented was not evaluated for
dynamic applications, whereby motion also occurs during the readout. In these
applications, the measured motion would be a combination of that occurring during
the delay time and during the read-out time. Despite the quasistatic nature of the
methods presented, they do enable, when combined with inverse analysis, the
investigation of complex material properties such as anisotropy, nonlinear elasticity
and estimation of viscoelasticity. This, however, requires the measurement of multiple
indentation depths and the complex force history boundary conditions.
Future work will focus on the further reduction in the number of repetitions required
and on the expansion of these methods to dynamic motion measurements. In addition,
these methods will be combined with iterative inverse FEA for the determination of
the mechanical properties of living human muscle tissue, which will improve the
predictive capabilities and biofidelity of computational models.
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5 Conclusions
A novel MRI sequence based on SPAMM for the measurement of 3D soft tissue
deformation following just six acquisitions (three static and three indentations) has
been developed. Its ability to measure soft tissue deformation was validated through
indentation tests (using an MRI compatible soft tissue indentor) and marker tracking
in a silicone gel phantom. In addition, the technique’s ability to measure soft tissue
deformation in vivo was demonstrated using indentation of the biceps region of the
upper arm of a volunteer. Following comparison to marker tracking in the phantom,
the SPAMM tagged MRI derived displacement demonstrated subvoxel accuracy and
precision with a mean displacement difference of 72 µm and a standard deviation of
289 µm. Displacement magnitude precision was evaluated for both datasets. The
standard deviations of displacement magnitude with respect to the average
displacement magnitude were 75 and 169 µm for the phantom and volunteer data,
respectively. The subvoxel accuracy and precision demonstrated in the phantom in
combination with the precision comparison between the phantom and the volunteer
data provide confidence in the methods presented for measurement of soft tissue
deformation in vivo. Since only six acquisitions (three static and three indentations)
are required, the presented methodology is, to our knowledge, the fastest currently
available for the noninvasive measurement of 3D soft tissue deformation. This
therefore allows for the expansion of the application of SPAMM tagged MRI to
(quasistatic) biomechanical applications where a large number of repetitions is
undesirable.
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Abstract
Purpose: Typically spatial modulation of the magnetization (SPAMM) tagged
magnetic resonance imaging (MRI) requires many repeated motion cycles limiting the
applicability to highly repeatable tissue motions only. This paper describes the
validation of a novel SPAMM tagged MRI and post processing framework for the
measurement of complex and dynamic 3D soft tissue deformation following just three
motion cycles. Techniques are applied to indentation induced deformation
measurement of the upper arm and a silicone gel phantom.
Methods: A SPAMM tagged MRI methodology is presented allowing continuous
(3.3–3.6 Hz) sampling of 3D dynamic soft tissue deformation using non segmented
3D acquisitions. The 3D deformation is reconstructed by the combination of three
mutually orthogonal tagging directions, thus requiring only three repeated motion
cycles. In addition a fully automatic post processing framework is presented
employing Gabor scale-space and filter-bank analysis for tag extrema segmentation
and triangulated surface fitting aided by Gabor filter bank derived surface normals.
Deformation is derived following tracking of tag surface triplet triangle intersections.
The dynamic deformation measurements were validated using indentation tests (~20
mm deep at 12 mm/s) on a silicone gel soft tissue phantom containing contrasting
markers, which provide a reference measure of deformation. In addition, the
techniques were evaluated in-vivo for dynamic skeletal muscle tissue deformation
measurement during indentation of the biceps region of the upper arm in a volunteer.
Results: For the phantom and volunteer tag point location precisions were 44 and 92
µm, respectively resulting in individual displacements precisions of 61 and 91 µm,
respectively. For both the phantom and volunteer data cumulative displacement
measurement accuracy could be evaluated and the difference between initial and final
locations showed a mean and standard deviation of 0.44 and 0.59 mm for the phantom
and 0.40 and 0.73 mm for the human data. Finally accuracy of (cumulative)
displacement was evaluated using marker tracking in the silicone gel phantom.
Differences between true and predicted marker locations showed a mean of 0.35 mm
and a standard deviation of 0.63 mm.
Conclusions: A novel SPAMM tagged MRI and fully automatic post-processing
framework for the meaesurement of complex 3D dynamic soft tissue deformation
following just three repeated motion cycles was presented. The techniques
demonstrate dynamic measurement of complex 3D soft tissue deformation at
subvoxel accuracy and precision and were validated for 3.3–3.6 Hz sampling of
deformation speeds up to 12 mm/s. ! 2012 American Association of Physicists in
Medicine. [DOI: 10.1118/1.3685579]
Key words: MRI, SPAMM, soft tissue, deformation, biomechanics
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1 Introduction
Since magnetic resonance imaging (MRI) allows fast and 3D imaging with excellent
soft tissue contrast without exposing subjects to ionizing radiation, it is an ideal
modality for the study of soft tissue motion. The noninvasive analysis of complex soft
issue deformations in-vivo is relevant to many fields of research such as the study of
cardiac biomechanics[1], pre-operative planning [2] and soft tissue mechanical
property investigation [3]. The latter is of interest in the current study, since the work
presented here is part of a study aiming to use inverse analysis of MRI based
indentation experiments for the noninvasive evaluation of detailed constitutive models
for skeletal muscle tissue. Noninvasive mechanical property analysis is important for
a wide range of applications including impact biomechanics [4], rehabilitation
engineering [5], tissue engineering [6], surgical simulation [7], and tumor detection
[8]. However, the evaluation of detailed constitutive models describing the complex
mechanical (anisotropic, nonlinear, and viscoelastic) properties of soft tissues requires
detailed experimental deformation measurements capturing the complex (anisotropic,
nonlinear, and time-varying) nature of the soft tissue deformation.
A common approach [1,9-11] for the MRI-based measurement of soft tissue
deformation is to employ spatial modulation of the magnetization (SPAMM) tagged
MRI [12,13]. In SPAMM tagged MRI the tissue is temporarily magnetically tagged
using a periodic signal modulation and tracking of the tag pattern allows measurement
of deformation.
Typically SPAMM tagged MRI methods require segmented acquisitions whereby an
image set reflecting a single motion cycle is composed via repeated imaging of
multiple motion cycles. Hence, SPAMM tagged MRI has mainly found application in
the study of highly repeatable motions such as those occurring in the heart [10].
Recently, SPAMM tagging has also been applied to other tissue types in
biomechanical studies of repeatedly induced motions of the tongue (e.g., in (Ref. 14)
16 volunteer speech repetitions per slice), brain (e.g., in (Ref. 15) 144 volunteer
rotational head accelerations), and eyes (e.g., in (Ref. 16) >135 repeated left to right
eye movements). Apart from repeatability constraints, discomfort, and health issues
may preclude the use of large numbers of repetitions. Especially in the case of
biomechanical studies, such as indentations applied in the current study, repeated
motions may cause volunteer discomfort. In addition analysis of tissue viscoelasticity
and hysteresis is limited. Recently indentation induced SPAMM tagged MRI based
3D skeletal muscle tissue deformation measurement was presented requiring the use
of only three motion cycles [17]. However, the methods were validated only for static
deformations (limiting viscoelastic analysis) and the post-processing methods were
semiautomatic. Hence, the current study focused on the development of dynamic
SPAMM tagged MRI based deformation measurement and fully automatic postprocessing while maintaining a minimum number of three required repetitions.
A wide array of advanced post-processing methods have been proposed for SPAMM
tagged MRI (for a detailed discussion see dedicated literature in Refs. 9, 18, and 19);
for instance using deformable models (see review paper Ref. 20), spline models (e.g.,
Refs. 21–24) and energy based methods such as non-rigid image registration (e.g.,
Refs. 25 and 26) and optical flow methods (e.g., Ref. 27). The post-processing
methods in the literature involving deformable models, spline models, and non-rigid
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image registration all inherently require assumptions on the nature of the deformation
and/or the mechanical properties and models of the underlying tissue. It is possible to
use the above approaches to investigate mechanical properties. However, the
constitutive model evaluation is limited to the model adopted and difference measures
are based on the image data rather than more mechanically meaningful experimental
parameters such as 3D deformation, strain, and strain rate. Therefore, the current
study focuses on post-processing methods, which allow derivation of the complex 3D
deformation while minimizing assumptions on the mechanical properties or the nature
of the deformation.
Most of the above post-processing methods focus on magnitude image data. However,
specialized methods have also been developed for tag phase analysis. This includes
harmonic phase (HARP) (e.g., Ref. 28). In HARP tag spectral peaks are isolated
through the application of band-pass filtering, and inverse Fourier transformed
yielding a tag free magnitude image and an approximate tag phase image. Under the
assumption of phase invariance (i.e., that material points maintain the same
“harmonic” phase under deformation) phase can be viewed as a material property and
used for motion estimation. However, the derivation of deformation often requires
phase unwrapping, which is an error prone process. The design of an appropriate
band-pass filter is not trivial and may influence the deformation information obtained
(i.e., the smaller the selected peak region the straighter the obtained line pattern) and
since a global frequency of tags is assumed local deformations may not be accounted
for appropriately. In addition the appropriate separation of the tag spectral peaks is
hindered by the spectral power associated with the DC peak. The influence of the DC
peak can be reduced through techniques such as complimentary SPAMM (CSPAMM)
[29] or the more recently proposed total removal of unwanted harmonic peaks
(TruHARP) [30]. However, these techniques require the use of additional repetitions
and are thus not of interest to the current study.
In an effort to reduce some of the issues associated with HARP analysis (e.g., phase
inconsistency induced bifurcations) Qian et al [31]. introduced Gabor filter banks for
SPAMM tagged MRI analysis. A Gabor filter [32] is a Gaussian function modulated
by a (possibly complex) harmonic function. Since Gabor filters are also periodically
modulated structures they are ideally suited for SPAMM tagged MRI analysis and are
increasingly applied for this purpose [33–43]. In Gabor filter analysis an array or bank
of filters is applied each with different characteristics (e.g., harmonic frequency,
orientation, phase, and Gaussian envelope size). The final Gabor filter bank response
is then composed from a combination of the various filter responses e.g., using the
maximum filter response for each voxel. Gabor filters are most often used for
frequency domain and phase analysis and hence in some cases serve as an alternative
band-pass filter for HARP type analysis (e.g., Refs. 36 and 40) which following phase
unwrapping enables derivation of displacement estimates. However, in many cases,
the error prone phase unwrapping is avoided and analysis focuses on tracking of the
wrapped phase data in which a saw-tooth tag phase modulation is present (e.g., Ref.
33). Mostly 2D Gabor filters have been employed (e.g., Refs. 33, 35, 40, and 41)
allowing for derivation of 2D displacement estimates. Such 2D measures have also
been used to drive 3D deformable models for 3D deformation estimation (e.g., Ref.
35). Recently, 3D Gabor filter banks have been employed (e.g., Refs. 38 and 39) these
have focused not on reconstructing phase data but on filter optimized magnitude
image data. For instance Shimizu et al [38] used a 3D Gabor filter bank to enhance
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tag appearance. Tags were segmented as local minima and tracking of tag surface
triplet intersection points, determined using iterative minimization, provided 3D
displacement. These methods were, however, semi-automatic and employed a smooth
energy minimizing Snakes function for tag segmentation, which regularizes the
deformation and limits applicability to complex deformations. This review shows that
Gabor filters may be valuable aids in the analysis of SPAMM tagged MRI data but
that automatic post processing methods for 3D deformation analysis have not been
proposed yet without the need for regularization structures such as splines functions
or deformable models.
Gabor filters themselves have a regularizing effect through blurring or smoothening
of the image data. Since the smoothening suppresses noise and local disturbances it
aids in segmentation of tag features. However, the smoothening effect also suppresses
local deformation information. The amount of smoothening depends on the size of the
Gaussian envelope, which confines the filter. Typically Gaussian standard deviations
in the order of the tag (or Gabor) period (1/tag or Gabor frequency) are used (e.g.,
Refs. 36, 39, and 40). Such standard deviations lead to significant blurring across a
region more than five times the tag period in width. Thus, although this provides
improved tag feature segmentation the amount of local deformation information
obtainable is reduced (as large standard deviations straighten the tag features).
Smaller standard deviations do not over regularize deformation but contain more
features, which may be detrimental to segmentation. In the current study a novel
approach is presented whereby the best of both types of analysis (large and small
Gaussian standard deviations) is combined. Besides a Gabor filter bank, a Gabor
scale-space (a nonlinear scale-space where “scale” corresponds to Gaussian standard
deviation magnitude) is proposed which aids in segmentation using large standard
deviations, however, the segmentation is adjusted to filtered image data of
increasingly smaller standard deviations rendering a final segmentation result which
contains a maximum of deformation information.
Gabor filters are very versatile since besides tag enhancement they may also serve as
direct “measuring tools” of image features, which relate to the Gabor parameters
independent of segmentation. This is because the Gabor filter produces the maximum
response when local image features resemble its appearance. For instance the Gabor
frequency which yielded the maximum response relates to the local (within the
Gaussian envelope) tag spacing and may be used to directly estimate strain measures
(e.g., as proposed and demonstrated in a numerical phantom in Ref. 43). Similarly, the
Gabor filter orientation which produced the maximum response relates to the local tag
orientation. The latter is implemented in the current study as an aid in surface fitting.
Following segmentation of tag features some studies employ continuous and
smoothening surface fits to represent tags (e.g., spline functions such as in Ref. 17).
These generally inaccurately represent complex deformations such as sharp
transitions and separated tag features (e.g., induced by shear separation and sliding
interfaces). In the current study tag surfaces are fitted through orthogonal weighted
averaging of the segmented tag features, whereby the orthogonal directions for fitting
are derived from the Gabor orientation estimates. The surface connectivity is created
via Delaunay triangulation incorporating gaps and separations. Surfaces are then
mildly smoothened to suppress noise-induced fluctuations, however, smoothening is
local and does not occur across separations or gaps.
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This paper presents novel (non-segmented) SPAMM tagged MRI methods enabling
continuous sampling of complex 3D dynamic tissue deformation using three motion
cycles only. The post-processing framework is computationally efficient and fully
automatic and features: Gabor filter bank and scale-space analysis, scale-space
assisted tag segmentation, orthogonal weighted averaging, and Delaunay triangulation
based surface fitting. Deformation is measured following tracking of mutually
orthogonal surface triplet intersections. Since no regularizing (deformable/spline)
model is required for computation of deformation, the post-processing framework
presented avoids many assumptions on the tissue deformation and is thus ideal for the
analysis of complex deformation (i.e., involving tissue nonlinearity, anisotropy, and
sliding induced shearing). For validation the techniques are applied to the
measurement of complex dynamic deformation in a silicone gel phantom containing
markers which, when tracked, provide a reference measure of deformation enabling
derivation of technique accuracy [44]. In addition the techniques are applied to
indentation induced deformation measurement in the upper arm of a volunteer for invivo evaluation.
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2 Methods
2.1 The experimental setup: Indentor and soft tissue phantom
In the current study 3D dynamic deformation is measured using continuously sampled
dynamic SPAMM tagged MRI (section 2.2) applied in three orthogonal directions
during three motion cycles. In order to validate the deformation measurements
performance was evaluated in a silicone gel tissue phantom and in-vivo in the upper
arm of a volunteer (Figure 1). A computer controlled MRI compatible indentor with a
flat circular (45mm in diameter) head was used to apply repeated transverse
indentation (~20mm deep) to a silicone gel phantom and the biceps region of the
upper arm of a volunteer. Since three repeated motion cycles are required for
derivation of 3D deformation the indentor motion was triggered (using a scanner
generated TTL pulse) to start after the first dynamic of each acquisition series. This
first dynamic thus provides the initial undeformed tag pattern state. A single motion
cycle is defined as an indentation phase, a hold phase and a retraction phase. For
validation of the deformation measurement the silicone gel soft tissue phantom (200
mm long and 120 mm in diameter and containing a stiff 20 mm in diameter bone like
core) contains contrasting (low signal) spherical markers (3 ± 0.05 mm in diameter).
These markers were tracked [44] from T2-weighted scans (0.5 mm isotropic) of the
same field of view for the initial undeformed and the final deformed configuration. In
addition phantom and in-vivo accuracy measures could be derived from the fact that
the displacement paths should return to their original location as displacement is
recorded up to the end of the retraction phase of the motion cycle. For more
information on the experimental setup the reader is referred to Refs. 17 and 44.

Figure 1: The experimental setup showing the MRI compatible indentor used for indentation of a
silicone gel phantom (a) and volunteer upper arm (b),

2.2 MRI sequence
In the current study a (non ECG triggered) single shot SPAMM tagged MRI sequence
was employed which is a dynamically optimized version (read-out acceleration and
delay reduction) of the sequence presented in Ref. 17. A schematic for the pulse
sequence design is shown in Figure 2. Table I provides a summary of the scanning
parameters and configurations used in this study and illustrates several slices for each
data set recorded. As the sequence diagram shows, following a 1-1 SPAMM tag
prepulse (parts A) a short delay (parts B) was introduced during which the tissue and
tag pattern deforms. Subsequently, the image data is acquired using a single 3D
Transient Field Echo (TFE) read-out (parts C).
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Figure 2: Diagram of the SPAMM pulse sequence and 3D TFE read-out. The 1-1 SPAMM pre pulse
(A) modulates the signal followed by a desired time delay (b) after which a 3D volume is acquired (c).
The acquisition can be repeated n times for each direction.

The 3D TFE read-out was configured with a Cartesian acquisition mode in k-space,
the profile order was set to low–high, a radial turbo direction was used and halfFourier was applied for acceleration (0:625 in the readout direction and 0.8 in the first
phase encode direction). All scans were performed on a 3.0T (Intera, Philips Health
Care, Best, The Netherlands) MRI scanner using flexible surface coils with two
elliptical elements (diameters of 14 and 17 cm) placed laterally to the upper arm
(Figure 1b). Each individual acquisition was non-segmented and not repeated and
entire image volumes were acquired consecutively in time for each direction. For the
phantom and volunteer imaging the motion was thus effectively continuously sampled
at 3.3Hz (123ms delay + 177 ms read-out) and 3.6 Hz (100 ms delay + 177 ms readout), respectively. Full 3D dynamic deformation measurement is achieved through the
combination of dynamic SPAMM data from 3 orthogonal directions, thus requiring 3
motion cycles. However for validation purposes multiple motion cycles (see Table I)
were recorded for each acquired SPAMM direction allowing analysis of technique
accuracy and precision both in the phantom and in vivo. Thus for the phantom and
volunteer tests 11 and 37 consecutive dynamics per motion cycle were acquired,
respectively (5 during indentation phase 1 during hold phase and 5 during retraction
phase for the phantom, and 9 during indentation phase, 15 during hold phase and 13
during retraction phase for the volunteer). For the volunteer indentation was applied at
a lower speed to ensure comfort and with a longer hold phase to allow for viscoelastic
recovery. Although the overall deformation magnitudes are similar to those tested in
Ref. 17 the individual deformations for each dynamic were relatively low (up to the
tag period in magnitude) since the deformation (occurring at ~12 mm/s) was
continuously sampled at 3.3–3.6 Hz.
During each dynamic acquisition motion is allowed to continue during the read-out.
Therefore temporal blurring may cause mild underestimation of the motion. The
amount of underestimation is related to many factors including the nature of the readout and the deformation (speed and directions). The spatial characteristics of SPAMM
tags correspond with specific peaks in the k-space domain, which define the bulk of
the deformation information encoded in the tag pattern.
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However, frequency components from the whole of the k-space domain contribute to
the more detailed local deformation information encoded in the tag pattern. Therefore,
since the read-out profile order was low–high, the latter is acquired toward to the end
of the read-out sequence. As such it is expected that significant motion features are
still acquired toward the end of the read-out and no compensation of the possible
underestimation is required.

2.3 Spatial characteristics of SPAMM tags
To aid the description of the analysis methods in section 2.4 the spatial characteristics
of SPAMM tags are first briefly discussed. For a more detailed discussion on
SPAMM tagged MRI the reader is referred to Ref. 10. SPAMM tagging induces a
periodic modulation on the signal profile across the image volume and in the case of
1-1 (first order) SPAMM is approximately sinusoidal. Thus an undeformed tagged
image Mt can roughly be expressed as the following type of modulation of a
magnitude image M:
%
% 2$x r ((
(2.1)
M t " M# ' m + A# cos'
**
& pt ))
&
Here pt, m, and A set the spatial tag period (or spacing), mean and amplitude of the
!
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modulation, respectively, across the direction xr. Throughout this paper tag
modulations are expressed along xr belonging to the coordinates (xr, yr, zr) formed
following rotation (x, y, z) expressed in a regular Cartesian coordinate system

(x r , y r ,zr ) = Rt " (x, y,z)

(2.2)

Where Rt represents the rotation matrix:
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(2.3)

expressed using the Euler angles (!t,"t) which define an x-axis and z-axis rotation
consecutively. The initial and undeformed tag orientation and period are set during
!
scanning.
In the current study, three mutually orthogonal SPAMM directions were
applied and their orientation and frequency characteristics in the above notation are
presented in Table I.
For each image data set a local Cartesian coordinate system (x, y, z) is defined which
is aligned with its image axes (voxel row, column, and slice directions). The field-ofview location and orientation which are set during scanning determine the local
coordinate system’s origin location and axes orientations. Local coordinate systems
thus vary for each image data set and generally do not coincide with the overall
scanner coordinate system (based on bore axis and perpendicular directions). The tag
orientation parameters (!t,"t) are defined with respect to the local (not overall
scanner) coordinate system. Thus for two image sets with orthogonal tag features in
space (the overall scanner coordinate system) the respective tag orientation
parameters (!t,"t) may be equivalent (Table I) as long as the set field-of-view
orientations are mutually orthogonal. Although throughout the work presented here
computations are mainly performed in the overall scanner coordinate system the
methods and results are presented in local coordinate systems for clarity as features
may be oblique with respect to the global scanner coordinate system.
Although an undeformed tagged image will have the features discussed above, tissue
deformation causes them to vary spatially depending on the nature of the deformation
(e.g., local orthogonal tension or compression will increase or decrease pt,
respectively, and bending will locally perturb !t and "t). However, this can be taken
into account during analysis and the periodic nature will remain advantageous in
segmentation as will be discussed in section 2.4.1. In addition field inhomogeneity
and local material property differences may cause the tag features to be non-planar
prior to the onset of deformation. As such for the current study dynamics acquired in
the absence of motion were used as the reference state.
The extrema (maxima and minima) of the periodic modulation are here referred to as
tags or tag features and surfaces fitted to them as tag surfaces. An intersection point
for a tag surface triplet is referred to as a tag point. In order to derive deformation the
current study applies segmentation of the extrema and tracking of mutually
orthogonal tag feature derived tag points. This leads to a trackable grid of tissue
points with pt/2 mm spacing (2x2x2 and 3x3x3 mm for the phantom and volunteer
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data, respectively).

2.4 Deriving tissue deformation from the SPAMM tagged MRI data
In order to derive full 3D dynamic soft tissue deformation from the continuous
dynamic SPAMM tagged MRI data a post-processing framework was created and
implemented using MATLAB (7.8 R2009a The Mathworks Inc., Natick, MA).
Magnitude MRI data was imported and normalized for each dynamic and postprocessing was performed in the following five steps:
(1) Gabor filter analysis: The goal of this analysis step is (a) to derive (filtered) image
data sets which will aid in the successful segmentation of tags, and (b) to derive per
voxel tag surface normal orientations which will aid the surface fitting methods
presented.
(2) Tag feature segmentation: The goal of this analysis step is to segment and
separately group tags based on the Gabor image data sets.
(3) Orthogonal weighted-mean surface fitting: Using the per voxel tag orientations
estimated from the Gabor filter bank a triangulated surface description is created
where surface points are derived using orthogonal weighted means.
(4) Tag surface intersection determination: Using the triangulated surface
descriptions tag intersection points from the three mutually orthogonal directions are
derived producing the tissue points trackable over time.
(5) Derivation of displacement fields: This analysis step produces the dynamic and
cumulative displacement fields.

2.4.1 Gabor filter analysis
Due to the specific spatial characteristics of SPAMM tags (discussed section 2.3) they
can be enhanced using a filter which shares these characteristics, the Gabor filter [32]
(see Figs. 3(a) and 3(b)). A Gabor filter is a wavelet constructed by modulating a
Gaussian envelope with a harmonic function (Figs. 3(a) and 3(b) visualize a 1D and
3D example). For the current study magnitude SPAMM tagged MRI data is used and
is analyzed using the following type of 3D Gabor filter:

(2.4)
Here, pg is the central period of the harmonic modulation and the parameters #p and #s
define the size of the Gabor filter since they represent the perpendicular, and withintag surface standard deviations, respectively, for the ellipsoidal Gaussian envelope.
The ± denotes alteration of sign when tracking of the maxima (+) or minima (-) is of
interest. Analogous to the equations and notation introduced in section 2.3 the
modulation acts along the x direction in the coordinate system (xr, yr, zr) formed
following rotation of the system (x, y, z) with a rotation matrix defined using the
Gabor angles (!g,"g). Given its particular frequency, size and orientation, convolution
with the Gabor filter will produce an image where features that locally resemble its
appearance are amplified while others are suppressed. However, as discussed in
section 2.3, motion and deformation result in locally varying tag frequency and
orientation. Therefore, a common approach [33,35,38,39] is to employ an array or
bank of filters, all with different spatial and frequency characteristics. A single
filtered image can then be reconstructed by taking the maximum response of all filters
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for each voxel. For computational efficiency all convolutions were computed as:
M f = F "1{F {M t }# F {G}}

(2.5)

Here Mf represents the filtered image and F{} and F{}"1 denote the Fourier and
inverse Fourier transform, respectively.
!

!

!

Figure 3: 1D representation of a Gabor wavelet (solid) composed using multiplication of Gaussian
(dashed) with harmonic function (dashed-dotted) (A), 3D visualisation of a Gabor wavelet showing 2D
mid-slice and iso-surfaces (B).

It is important to note that the choice of the Gabor parameters can affect the apparent
deformation derived. For instance the standard deviations set the amount of blurring
in their respective directions which might cause undesired averaging effects on the
deformation (large standard deviations straighten the tag features). Therefore for the
filter bank used #p was set at pg/3. Hence when centered on an extrema, in the
direction orthogonal to the modulation the filters only act on the extrema center and
its two directly neighboring extrema. For a visualization of a similarly confined 1D
Gabor wavelet see Figure 3a. The within-tag-surface standard deviation #s sets the
amount of averaging along the surface (e.g., size of disks in Figure 3b) and large
values will have a straightening effect on the tag shape while smaller values leave its
original shape and detail intact. Using large standard deviations effectively has a
smoothening and regularization effect not only on the images, but also on the derived
deformation. This, however, is desirable for segmentation as the effects of noise are
suppressed allowing easy separation of more blur-scale invariant features such as
tags. To harness this benefit without over-regularizing the deformation the Gabor
analysis presented here is split into two parts. Besides a Gabor filter bank, a Gabor
scale-space (a nonlinear scale-space where “scale” refers to blur level or magnitude of
#s and #p) is proposed which aids in segmentation (see section 2.4.2) using large #s
and #p values. However, the segmentation derived for the high #s and #p values are
iteratively adjusted to filtered image data of increasingly smaller #s and #p values.
Following adjustment of the segmentation to the last least blurred image (with the
smallest #s and #p values) the segmentation is adjusted to Gabor filter bank optimized
image data rendering a final segmentation result where deformation has not been
over-regularized.
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Figure 4: Schematic representation of the Gabor scale space (A) and Gabor filter bank (B). Circle
centre distance from origin, circle radius and location relate to the Gabor central period, Gaussian
envelope size and orientation respectively.

The Gabor scale-space and Gabor filter bank filtering are schematically illustrated in
Figure 4 and the parameters used are specified in Table II. For the Gabor scale-space
the orientation and central period were held constant while for both the perpendicular
and within-surface standard deviations a scale-path or range was specified going from
pt to pt/3 in six scale steps (which translates to blurring in a region approximately five
tag periods wide, down to blurring up to just the neighboring extrema). For each
scale-space filter a separate image was formulated leading to six scale-space image
sets (e.g., Figs. 5(b) and 5(c) represent two different scale steps) for each extrema
type.

For the Gabor filter bank the filter orientation and central frequency were varied
across 27 filter combinations. The within-surface standard deviation was held
constant while the perpendicular standard deviation was constrained as pg/3 such that
the filter design of Figure 3a is maintained. The maximum filter response (in the
image domain) was used for each voxel producing two filtered image sets, one for
each extrema (e.g., Figure 5d). Besides aiding in segmentation (see section 2.4.2) the
Gabor filter bank was also used as a “measuring tool” since the specific Gabor filter
orientation that produced the maximum response was also stored for each voxel as
this is an estimate of the local tag surface orientation and can be used in surface fitting
(see section 2.4.3). Specifically it provides an estimate of the local surface normal
vector ns since:
% cos(" )cos(# ) (
g
g
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The surface normal estimates are only appropriate for locations that actually resemble
the filter such as the central voxels for the tag extrema. The surface normal
orientations are thus!only used for these voxels (see also section 2.4.3). For each
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extrema type the Gabor filter analysis produced: six Gabor scale-space image sets
(going from most to least blurred in six steps), a Gabor filter-bank optimized image
set, and a surface normal estimation data set.

Figure 5: An unfiltered image (A), and Gabor scale-space filtered images for the most blurred step (B)
and an intermediate step (C) and Gabor filter-bank enhanced images (D). Maxima are shown on the
left and minima on the right in (B-C). The scale-space images show separate and straightened tag
features while the filter-bank images maintain tag feature curvature.

2.4.2 Tag feature segmentation
The first step in tag segmentation is to produce logic images reflecting whether voxels
in all the Gabor-filtered image sets are potential tag voxels. An appropriate and
adaptive threshold Ttag was half the mean of all voxels within a set with an intensity
higher than 0 (i.e., all significantly positively enhanced voxels, since features
dissimilar or opposite in nature to the Gabor filter become reduced or negative). The
logic images Ltag for each Gabor image set Mf were derived using
#1
Ltag = $
%0
#M f
Mh = $
% 0

M f " Ttag
& Mh
Ttag =
M f < Ttag
2& Lh
#1
Mf > 0
Lh = $
Mf ' 0
%0

Mf > 0
Mf ' 0

(2.7)

Then a simple grouping algorithm was implemented whereby all potential voxels that
are touching each other with one of their six faces are grouped together to form a tag
feature.!The initial tag features are formulated by grouping in the most blurred Gabor
filtered image Figures 5b and 6a) since here all tag features are appropriately
separated. As Figure 6 demonstrates the threshold Ttag segments the tag features with
a thickness of about pt/2 . Next the shape of each tag feature is adjusted using the
following step wise process repeated for each less blurred Gabor scale-space image
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(six steps) and finally also the Gabor filter-bank optimized image (ensuring tag
spacing and orientation variations are also appropriately accounted for) and thus a
total of 7 tag feature adjustment steps are used:

Figure 6: Segmented tag maxima features shown as voxels (shaded according to tag number) in the
most blurred (A) and final Gabor bank filtered state (B). Axis units are in mm.

(1) An orthogonal weighted average (perpendicular to tag feature orientation) of the
voxel coordinates of the current tag feature shape is taken to provide reference
coordinates of the voxels at the centre of the tag (leaving the tag feature 1 voxel
thick).
(2) The tag feature shape for the next image set is then defined as all voxels that are
classified as potential tag voxels and are touching one of the central tag voxels from
the previous step (this regrows the tag features to their normal pt/2 thickness, this step
can be repeated for tags with large pt relative to the voxels size.
After the final step the tag shape has also been adjusted to the Gabor filter bank
enhanced image which maintains features of deformation (Figure 5d). Segmentation
is performed for each dynamic producing results similar to Figure 6. During
segmentation each tag feature is also assigned with a tag number enabling indexing of
tag intersection points (section 2.4.4). First the tag features in the initial configuration
are numbered. Tag features in consecutive dynamics are then numbered by finding the
closest (within a distance < pt ) corresponding tag in the initial configuration. This
approach is enabled since tag deformations are relatively small due to the fast imaging
employed in the current study with respect to the applied deformation. The mapping
to the initial configuration ensures that possible missing or additional tags are
appropriately accounted for.

Figure 7: Schematic visualization of a tag surface, two tag voxel locations pv and associated
orthogonal mask Vm.
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2.4.3 Orthogonal weighted-mean surface fitting
A simple yet flexible surface fitting approach was derived as it can fit surfaces of any
orientation and severe deformation and voids due to shearing or gaps. First central tag
feature voxels are identified. Most central tag voxels can easily be identified as tag
voxels which present with orthogonal neighbors (as tag voxels at the periphery of a
tag do not). However, thin tag regions (e.g., less than 3 voxels thick), which present
with insufficient orthogonal neighbors, require special treatment. Here central tag
voxels could be uniquely identified as all tag voxels which do not have orthogonal
neighbors which have already been identified as central tag voxels (this distinguishes
them from tag voxels at the periphery which do have orthogonal neighbors classified
as central tag voxels). The next step in the surface fitting is the specification of
orthogonal masks (see Figure 7). These are constructed using the per voxel derived
surface normal ns (see Eq. (6)). For each central tag voxel with voxel coordinates pv,
the orthogonal mask coordinates Vm are defined as the collection of all voxels along
the line (see arrows in Figure 7)

{(pv " ns hm ),(pv + ns hm )}

(2.8)

The parameter hm is the mask height here set to pt/4. For each tag voxel with
orthogonal neighbors a tag surface point ps can be derived using the orthogonal
weighted average: !
(2.9)

where Wm are the orthogonal mask weights linearly derived from the image signal
intensities. When applied to all central tag voxels this produces a set of points
describing the surface where each point location was determined depending only on
its local orthogonal neighborhood. As such sharp transitions, gaps and shear interfaces
are permissible and do not require special treatment. The next step is to assume a type
of connectivity across these points to form the surface. This is done through a simple
Delaunay triangulation whereby gaps and sheared interfaces are accounted for via
removal of triangles with edge lengths longer than twice the largest voxel dimension
of the image set (see gaps in Figure 8). Finally to suppress the effects of noise and to
reduce the stepped appearance induced due to the discrete nature of voxels, the
surfaces are mildly smoothened using surface smoothening (HC-Laplacian
smoothening [45] ensuring shape shrinkage is limited). The smoothening is based
only on local connected neighborhoods (Laplacian umbrella’s) and does not occur
across gaps and sheared interfaces and thus such sharp transitions are appropriately
maintained.
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Figure 8: Segmented surfaces for two of the phantom data sets. Note the triangulated appearance of
the surfaces and how sheared interfaces and gaps, e.g., at the core location are dealt with (A) and how
curvature (due to indentation in Y direction) is captured (B). Axis units are in millimeter.

2.4.4 Tag surface intersection determination
Since the prior analysis step produced triangulated surfaces a logical and simple
method for obtaining tag surface intersections is to compute triangle intersections.
Each intersection point is uniquely defined by the intersection of a triangle triplet. If
each surface contains n triangles then n3 triplet combinations exist. Thus for
computational efficiency the number of candidate triangles is first reduced. This is
done by focusing the analysis only on those triangles that are closer than the longest
occurring triangle edge length (based on nearest vertex search of Delaunay
tessellation). For each surface this reduces the candidate triangles to only those
located near a possible intersection point. The triangle intersection calculation is
based on vector geometry and is detailed in the appendix. Since the tag feature
segmentation provides numbered indices for each tag surface, each intersection point,
being an intersection point of a tag surface triplet for a certain dynamic, is thus
uniquely specified by a 4 digit tag-index (T1; T2; T3; d), where d is the dynamic
number and Ti are the tag numbers for each direction. Thus each tag point position p
was stored in the tag point array P(T1; T2; T3; d). This type of indexing avoids the
need for tag intersection point tracking methods (e.g., point matching algorithms
[46]).

2.4.5 Derivation of dynamic deformation
In the current study deformation is measured following tracking of intersections of tag
surfaces in three sets of mutually orthogonal tag surfaces (although other types of
intersecting oblique orientations are permissible and would not require alteration of
the methods presented here). Since field in-homogeneities may cause the initial tag
shape to be non-planar displacement is defined with respect to tag points derived from
tag-surfaces segmented for an initial configuration. The displacement array U is thus
defined by:

U(T1,T2 ,T3,di ) = P(T1,T2,T3 ,di ) " P(T1,T2,T3 ,d0 )

(2.10)

where d0 is the appropriate reference or initial dynamic for the dynamic di. These per
dynamic displacements are referred to as the individual displacement fields. The
above !
is schematically illustrated in Figure 9, as the tissue deforms the initial tags and
intersections (light gray in Figure 9a) obtain a new location (dark grey in Figure 9a).
This produces the first individual dynamic displacement field (black solid vectors in
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Figure 9a). For each consecutive dynamic the deformed tissue is re-tagged (hence its
initial coordinates may represent the same spatial coordinates but not the same tissue
points as the previous dynamic) and undergoes an additional displacement (black
hollow vectors in Figure 9b).
Figures 9c and 9d show a schematic derivation of the so called cumulative dynamic
displacement. The deformed state of the first (or prior) dynamic (light gray in Figure
9c) is mapped into the displacement field of the second (or current) dynamic (light
gray hollow vectors in Figure 9c). Through (natural neighbor and 3D Delaunay
tessellation based) interpolation of the current displacement field onto the deformed
state of the prior dynamic, it is possible to derive the displacement that the initial
tissue points underwent during the second dynamic (dashed hollow arrows in Figure
9c). The continuous mapping of the previous state into the current allows for the
construction of a continuous cumulative displacement path over time (consecutive
solid and dashed hollow arrows in Figure 9d).
Each individual dynamic displacement measurement is derived following a single
initial and a single deformed state hence possible displacement measurement errors
are a function of two measurements. For the cumulative dynamic displacement,
however, each displacement field is a function of all past measurements and thus
measurement errors may propagate. A common approach is to apply regularization
techniques and assumptions on the nature of the deformation and underlying
constitutive properties. However, implementation of such assumptions is not of
interest to the current study. Therefore, the approach presented here does not require a
priori knowledge of the geometry and nature of the deformation and mechanical
properties. Therefore cumulative displacement is derived using simple natural
neighbor interpolation instead. For the current study the cumulative displacement
measures are required in order to derive accuracy measures (e.g., marker
displacement prediction, see section 2.5).

Figure 9: Derivation of dynamic displacement (A-B). Derivation of cumulative dynamic displacement
(C-D).
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2.5 Analysis of precision and accuracy
As shown in Table I continuous dynamic tagging was applied in each direction during
repeated indentations. Due to the repetitions for each direction a multitude of
combinations can be made for computation of tag surface intersections and
displacement fields. In order to limit computational time random data set
combinations were chosen leading to 6 tag point location sets per dynamic allowing
computation of 36 individual displacement fields per dynamic. Using the mean of all
combinations of individual displacement fields a single mean cumulative
displacement field was derived. The following precision and accuracy measures were
evaluated:
(1) Precision of tag point location: For each dynamic the difference of each tag point
location combination (n = 6) with respect to the mean tag point location for that
dynamic was calculated. This allowed computation and analysis of difference scatter
clouds for each dynamic.
(2) Precision of individual dynamic displacement: For each dynamic the deviation of
displacement magnitude of each individual displacement field combination (n = 36)
with respect to the average individual displacement magnitude was calculated.
(3) Accuracy of cumulative dynamic displacement: Since deformation is tracked up to
the end of the retraction phase of the motion cycle differences between the initial
coordinates and the final locations of the total cumulative displacement are a measure
of accuracy both in the phantom and in vivo.
(4) Accuracy of displacement compared to marker tracking in the phantom: Using the
mean cumulative displacement of the indentation phase of the motion cycle the
marker locations in the deformed state can be predicted and compared to the real
measured marker locations [44]. Comparison of true independently measured and
predicted marker displacement thus yields a measure of the accuracy of the methods
applied to the phantom.
Statistical analysis was performed using fitting of Gaussian models (see MATLAB
gmdistribution function and Ref. 47) to the various difference measures. Each overall
mean was defined as the root mean square (RMS) of the means in the X, Y, and Z
directions while the overall standard deviations are defined as the square root of the
mean Eigen-value of the co-variance matrix. In addition RMS values were computed
where appropriate allowing for comparison to values in the literature.
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3 Results
3.1 Precision of tag point location
For both the phantom and volunteer data 6 tag point location sets were derived for
each dynamic and compared with the mean tag point locations for each dynamic.
Figures 10a and 10b below show the difference scatter plots for all tag points (all
combinations and for all dynamics) where is n= 4 494 95 and n= 2 323 91 for the
phantom and volunteer data, respectively.

Figure 10: Tag point location difference scatter plots and circumspheres for all dynamics (A-B).
Points shaded according to difference magnitude. In addition the means (dotted curve) and standard
deviations (blocked curve) of the differences as a function of dynamic number (C–D). Images on the
left are for the phantom and on the right are for the volunteer. All units are in millimeter.

For the phantom data the standard deviation was 44 µm (RMS of difference
magnitudes 76 µm). The largest tag point location difference was 0.96 mm. Such
outliers are, however, rare as differences larger than 0.28 mm were found in less than
1% of tag points. Similarly for the human data the standard deviation was 92µm
(RMS of difference magnitudes 160 µm) and the largest tag point location difference
found was 1.73 mm. However, again such outliers are, rare since differences over 0.4
mm were found in less than 1% of tag points. Figures 10c and 10d demonstrate that
no clear relationship between the standard deviations and the respective dynamic
exists for either the phantom of the volunteer data.
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3.2 Precision of individual dynamic displacement
For both the phantom and volunteer data a total of 36 individual displacement fields
(Figure 11) were derived for each dynamic and compared with the mean individual
displacement for each dynamic. For the phantom data the overall standard deviation
for the displacement magnitude differences was 61 µm (n = 2 567 001). The largest
difference found was 0.87 mm (outliers over 0.24 mm occurred in less than 1% of
cases). The standard deviation was 91 µm for the volunteer data (n= 1 388 343). The
largest difference found was 1.44 mm (outliers over 0.29 mm occurred in less than
1% of cases).
Similar to the tag-point precision results no relationship across dynamics was
observed. In addition as the scatter plots and distributions in Figure 12 demonstrate,
no relationship with displacement magnitude was observed, as the standard deviation
did not vary significantly with increasing displacements.

Figure 11: One of the individual displacement fields during the indentation phase for the phantom (A)
and volunteer data (B). Displacement vectors are shown as arrows shaded towards magnitude. All
units are in mm.

90

Figure 12: Normalized distributions (grey curves and shaded surface) of the displacement magnitude
differences (for all combinations and all dynamics) as a function of the mean displacement magnitude
for the phantom (A) and human volunteer data (B). The XY-planes of the graphs show scatter-plots
(black dots) for all differences. All units are in mm.

3.3 Accuracy of cumulative dynamic displacement
Through analysis of the entire deformation cycle (indentation, hold and retraction
phase) a complete cumulative displacement vector path could be reconstructed
(Figure 13) for both the phantom and volunteer data. The complex nature of the
deformation induced by the indentation is evident from the curved motion paths
observed. For both the phantom and volunteer data sets the differences between the
start and end locations of the motion paths were derived in order to calculate
measures of accuracy of the cumulative displacement measurement. Figure 13d
illustrates a selection of motion paths. For both the phantom and volunteer data it was
found that differences were smallest for locations where displacement vectors
maintain sufficient neighbors throughout all dynamics (such as region 1 in Figure
13d) while largest errors were found at the periphery of the displacement field (e.g.,
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region 2 in Figure 13d) where natural neighbor interpolation used for computation of
the cumulative displacement is more limited. Displacement vectors at the periphery
were therefore not included in the further analysis. As is evident from the difference
scatter plots in Figure 14 overall a good agreement was found with mean differences
and standard deviations of 0.44 and 0.59 mm for the phantom (combination of 11
dynamics) and 0.40 and 0.73 mm for the human data (combination of 37 dynamics),
respectively.

Figure 13: The cumulative displacement for the phantom (A-B) and volunteer data (C-D). Vector fields
are shown and individual arrows shaded towards magnitude “Slice” views are shown in B and D. In
addition a selection of motion paths are illustrated (bottom of D) to show results for locations
embedded in (D-1) or on the edge of the displacement field (D-2). All units are in mm.

Figure 14: Scatter plots and their circumsphere for the cumulative displacement difference with
respect to the initial for the phantom (A) and volunteer (B) data. Points are shaded according to
difference magnitude. All units are in mm.
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Figure 15: Normalized distributions (grey curves and shaded surface) of the location difference
magnitudes as a function of the total cumulative displacement magnitude for the phantom (A) and
human volunteer data (B). The XY-planes of the graphs show scatter-plots (black dots) for all
differences. All units are in mm.

As was mentioned in section 2.4.5 constraint free derivation of cumulative
displacement may be sensitive to error propagation. Hence some large differences
were found with maxima of 2.8 and 3.5 mm, respectively for the phantom and
volunteer data. As shown in Figure 15 no significant relationship with (cumulative)
displacement magnitude was found and the mean of the differences did not vary
significantly with displacement. However, for the phantom the mean of the difference
was lower for displacement magnitudes under 5mm but remain constant for larger
displacements.
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3.4 Accuracy of displacement in the phantom
Figure 16 shows the average cumulative displacement for the indentation part of the
motion cycle and marker locations (n=15) within the field of view for the initial and
final deformed configuration. Using the average displacement field the marker
locations in the deformed configuration were predicted and could be compared to the
true independently measured locations. The difference between the predicted marker
displacement and the actual marker displacement provides a measure of the accuracy
of the displacement measurement. The differences showed a mean of 0.35 mm and a
standard deviation of 0.63 mm (X, Y and Z RMS values were 0.59, 1.02, and
0.41mm, respectively). The difference demonstrated no relationship with
displacement magnitude. The largest difference found was 2.65 mm for a marker
close to the edge of the displacement field, where the interpolation based computation
of the cumulative displacement and marker prediction is based on a relatively limited
number of points.

Figure 16: The cumulative displacement vector field for the phantom indentation phase shown as
arrows shaded to magnitude (mm). Using the displacement field and the markers locations in the undeformed configuration (black dots) the total marker displacement (black arrows and red dots) could
be predicted and compared to the true final marker locations (green dots). All units are in mm
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4 Discussion
A novel SPAMM tagged MRI and fully automatic post-processing framework for the
measurement of complex 3D dynamic soft tissue deformation following just three
repeated motion cycles was presented. The techniques presented demonstrate
dynamic measurement of complex 3D soft tissue deformation at subvoxel accuracy
and precision and were validated for 3.3–3.6 Hz sampling of deformation speeds up to
12 mm/s.
A fully automatic post-processing framework is presented featuring the novel
implementation of Gabor scale-space and filter bank assisted segmentation. In
addition triangulated surfaces were fitted to the segmented tag extrema aided by
Gabor filter bank derived estimates of local surface normal directions. Finally, a
dense grid (2x2x2 mm and 3x3x3 mm for the phantom and volunteer, respectively) of
tag points could be tracked following computation of tag surface triplet triangle
intersections. Despite the fact that the post-processing methods are conceptually
simple they are highly flexible as they enable tracking of tag features at any oblique
orientation and undergoing complex deformations.
In the current study deformation is derived using 3 orthogonal SPAMM data sets and
3 repeated motion cycles only. This is a significant improvement over current
methods involving many repetitions (e.g., in the order of 16 per slice Ref. 14).
Besides the reduction in scan time the presented methods have the potential to expand
the application of SPAMM to the study of less periodic motions and motions which
are difficult or uncomfortable to repeat. In this paper the techniques are applied for
indentation based biomechanical tissue investigation where the minimization to 3
motion cycles ensured volunteer comfort and avoided repeatability issues associated
with tissue preconditioning.
The soft tissue deformation measurement techniques were validated against marker
tracking in a silicone gel phantom and evaluated in vivo for the upper arm. Subvoxel
accuracy and precision levels were found. Below a comparison to literature is
presented however, comparison is challenging since tissue sites, deformation modes,
deformation speeds, and validation measures vary considerably. Recently Chen et al
[35]. presented tagged MRI methods for cardiac deformation measurement whereby
deformation was derived from the image data using Gabor filter banks, point
matching and deformable models. Evaluation of their methods based a numerical
phantom showed RMS displacement errors of 0.15–0.37 mm. Xu et al [27]. derived
deformation from tagged MRI using optical flow methods and presented evaluation of
the methods using simulated deformations showing X, Y, and Z direction RMS errors
of 0.43, 0.45, and 1 mm, respectively. In our previous work [17], where a similar
validation setup was used for static deformation measurement, comparison to marker
tracking in a silicone gel phantom showed a mean difference of 72 µm and a standard
deviation of 0.29 mm. In addition displacement magnitude precision was analyzed
and the standard deviation for displacement differences with respect to overall mean
displacement was 72 µm for the phantom and 169 µm in vivo. The accuracy and
precision levels presented in the current study are of a similar magnitude to those in
the literature. For instance for the current study differences between true and
predicted marker locations showed a mean of 0.35 mm and a standard deviation of
0.63 mm.

95

Gabor filters have mainly been used for 2D and harmonic phase type analysis. In
addition large standard deviations in the order of the tag period are commonly
employed (e.g., Refs. 36, 39, and 40) which reduce the amount of local deformation
information obtainable. In the current study 3D magnitude image data are analyzed
using a combined 3D Gabor filter bank and scale-space enabling segmentation of tag
features while deformation information is maximized using final standard deviations a
third of the tag period in magnitude. The Gabor filters are also employed as
“measurement tools” for the estimation of local tag feature orientation which could be
used to aid surface fitting.
Since a major application of the work presented in this paper is the noninvasive
analysis of tissue mechanical properties a constraint free (no assumptions on the
nature of the mechanical properties or deformation) methodology for the computation
of cumulative displacement was employed. Methods for the derivation of cumulative
displacement from individual displacement fields often involve deformable models
[35] and are akin to non-rigid registration methods (e.g., related to deformable image
registration and finite element analysis [48]). However, these approaches require a
priori knowledge and assumptions on the nature of the deformation and/or the
mechanical properties of the tissue and were thus not of interest to the current study.
In cases where the mechanical behavior and deformation of tissue is well understood
the implementation of these methods (combined with the individual displacement
measurements presented) may provide an improvement on the accuracy achieved with
the constraint free derivation of cumulative displacement presented here.
Some limitations need to be addressed. Due to the dynamic nature of the methods
presented here motion occurring during the read-out is inevitable. This has a temporal
averaging effect on the appearance of the tag features and as such may lead to
underestimation of deformation. This effect is, however, deemed small especially
given the presented results.
The current study presents the validation of the measurement of complex dynamic 3D
soft tissue deformation for ~3.3 Hz sampling of a 20 mm deep indentation (and
retraction) at speeds of 12 mm/s leading to individual dynamic displacement
magnitudes of up to 4mm (approximately 1 tag period). Although the validation of
higher speeds is not presented here the techniques are not limited to deformation
speeds of 12 mm/s as the delay (which is user defined) and read-out (which depends
on resolution but also scanner hardware) times can be adjusted for higher speeds e.g.,
to obtain similar displacements magnitudes in individual dynamics. Hence the
scanning protocol can be customized to the expected deformation speeds and
magnitudes.
The response of a Gabor filter is most appropriate if the image features locally
resemble its appearance. Severe local deformations within regions the size of the
Gaussian envelope may cause the image features to depart from the Gabor filter
appearance. However, as mentioned before tag feature deformations can be
constrained through appropriate high speed imaging with respect to the tissue
deformation.
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Due to the current musculoskeletal application a 2-channel flexible coil system was
implemented. In addition analysis of the upper arm for supine volunteers resulted in
suboptimal positioning of the region of interest at the edge of the bore. Other
applications featuring more advanced coil types and more central positioning may
thus yield better results.
The techniques presented here were developed for non-clinical (e.g., biomechanical
research) applications. Future work may allow these methods to be applied in a
clinical setting. Nevertheless in clinical applications signal to noise conditions may
vary and thus further evaluation may be required. However, this study has
demonstrated the techniques to be robust under relatively poor imaging conditions
i.e., due to the single-shot nature of the acquisitions, the use of the 2-channel flex
coils, and positioning of the field of view within the bore. This led to relatively low
signal to noise levels even in comparison to typical clinical cardiac SPAMM tagging
for which repeated acquisitions and >6-channel coils are common.
Currently, three motion cycles are required for the computation of 3D deformation.
Thus, the methods presented are limited to the analysis of motion types which allow
such repeatability reliably. For the application of computer-controlled indentation
presented such motions are easily and reliably repeated and synchronized using
motion triggering. However, non-triggered motion analysis of repeated motions can
also be facilitated since temporal synchronization of the 3 SPAMM directions can be
achieved in post-processing. Ideally, however, 3D deformation should be derivable
from unrepeated motion. This would enable the imaging of non-periodic arbitrary
motion (e.g., bowel motion [49]). Although non segmented acquisitions of grid tagged
volumes (simultaneous tag modulation tagging in three mutually orthogonal
directions in a single image volume) is possible, the triple saturation pattern
significantly reduces signal intensities hindering analysis of deformation at present.
Future work will focus on the combination of the current techniques with inverse
finite element analysis to study the mechanical properties of human skeletal muscle
tissue.
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5 Conclusions
Novel SPAMM tagged MRI based methods are presented for high the measurement
of complex dynamic 3D soft tissue deformation following just three motion cycles.
Deformation is derived using a novel and fully automatic Gabor scale-space and filter
bank based post-processing framework. The techniques were validated using marker
tracking in a silicone gel soft tissue phantom for indentation induced dynamic
deformation measurement. In addition in-vivo evaluation for the measurement of
indentation induced tissue deformation of the biceps region of the upper arm was
performed. The techniques presented demonstrate dynamic measurement of complex
3D soft tissue deformation at subvoxel accuracy and precision and were validated for
3.3–3.6 Hz sampling of deformation speeds up to 12 mm/s. As only three deformation
cycles are required the techniques presented are to the authors' knowledge the fastest
currently available for the derivation of 3D dynamic deformation.
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Appendix: Intersection point determination
The intersection point p for three planes is defined by
p=

(x1 " n1 )(n2 # n3 ) + (x 2 " n2 )(n3 # n1 ) + (x 3 " n3 )(n1 # n2 )
det([x1 x 2 x 3 ])

(A1)

where x1, x2 and x3 are arbitrary points on each plane and n1, n2 and n3 are the facenormals. Next the validity of the intersection point (if existent) is determined by
!
checking
whether it is found either inside and/or on each of the triangle faces using:

(A2)

Here vi represent the triangle vertices and n its face-normal. An intersection point p is
valid (Lv = 1) if it is inside (Lin = 1) or on (Lon=1) each of the triangles.
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Abstract
Object This study proposes a scale space based algorithm for automated segmentation
of single-shot tagged images of modest SNR. Furthermore the algorithm was
designed for analysis of discontinuous or shearing types of motion, i.e. segmentation
of broken tag patterns.
Materials and methods The proposed algorithm utilizes non-linear scale space for
automatic segmentation of single-shot tagged images. The algorithm’s ability to
automatically segment tagged shearing motion was evaluated in a numerical
simulation and in vivo. A typical shearing deformation was simulated in a SheppLogan phantom allowing for quantitative evaluation of the algorithm’s success rate as
a function of both SNR and the amount of deformation. For a qualitative in vivo
evaluation tagged images showing deformations in the calf muscles and eye
movement in a healthy volunteer were acquired.
Results Both the numerical simulation and the in vivo tagged data demonstrated the
algorithm’s ability for automated segmentation of single-shot tagged MR provided
that SNR of the images is above 10 and the amount of deformation does not exceed
the tag spacing. The latter constraint can be met by adjusting the tag delay or the tag
spacing.
Conclusion The scale space based algorithm for automatic segmentation of singleshot tagged MR enables the application of tagged MR to complex (shearing)
deformation and the processing of datasets with relatively low SNR.
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1 Introduction
The use of tagging in Magnetic Resonance Imaging (MRI) was first proposed for
cardiac imaging [1, 2]. By saturating bands of zero signal in the image, tagging allows
for imaging of cardiac wall motion and provides quantitative information on cardiac
function. Since then, tagged MRI has been applied to various other fields of research
and regions of the human body such as the eye [3, 4], tongue [5, 6] and skeletal
muscles [7–9]. The main difference in applying tagged MRI to body regions other
than the cardiac region is the lack of periodicity. However, tagged MRI can still be
used by repeating the movement of interest [10] or—when repetition is not possible or
not desirable—the tagged acquisition has to be single shot and real-time [9, 11, 12].
As a consequence, SNR improving techniques such as C-SPAMM [13, 14] or
extending the scan duration are unavailable and a tradeoff between temporal and
spatial resolution has to be made. The use of tagging outside the heart is further
complicated by sliding or shearing edge deformations, which tend to occur when
imaging motion of independently moving parts such as skeletal muscles (and skeletal
muscle parts) or bowel motion. Sliding and shear deformations may cause tag lines to
break up and separate at the interface between moving parts. Such complex
deformations severely hinder automated segmentation of the tag lines. In addition,
there is no option of obtaining the tag pattern in increasing phases of deformation,
since the motion is non-periodic. Segmentation errors can be corrected manually, but
this becomes problematic and time consuming when a large number of readouts are
required, e.g. where physiological phenomena have a long time span, and can hamper
the clinical implementation. In this study we propose an automated algorithm based
on nonlinear scale space for tag segmentation of continuously tagged image series, i.e.
a large number of single shot tagged dynamic volumes. The algorithm was evaluated
for tag segmentation under shearing edge deformations in a numerical phantom and in
vivo for active calf muscle deformations and eye movement in a healthy volunteer.

2 Materials and methods
We aimed to develop an algorithm capable of automatically segmenting continuously
tagged image series for estimating discontinuous (shearing edge-like) and nonrepetitive motion patterns in data with relatively low signal-to-noise ratios (SNR).
The algorithm was tested for its ability to segment tags deformed by simulated
shearing edge deformations in a numerical phantom and in vivo deforming calf
muscle of a healthy volunteer.

2.1

Numerical phantom dataset

A tagged shearing edge deformation was simulated in a 2D Shepp-Logan phantom.
Tag lines and Gaussian noise were added to the phantom image, after which the
image was distorted causing a shearing edge. To methodically evaluate the
algorithm’s capability, the level of noise and shearing magnitude were both varied,
covering the range expected for SNR and typical shearing in tagged MR acquisitions.
Analogous to tagged MRI, a horizontal tagging pattern was generated with a
sinusoidal modulation:

M(y) = m + A * sin(2" # y /d)

!

(1)

106
corresponding to a 1-1 tag pulse, m and A are the mean value and amplitude of the
oscillation respectively, and d represents the spacing between the tag lines. For a
straightforward simulation of shearing-like motion in human tissue, the phantom
image was distorted with a calculated vector displacement map D whose origin
coincides with the centre of the image. The displacement map D is composed in two
steps. First, a shift was introduced to the origin of the map, the magnitude of which
decays exponentially with the distance from the origin according to:
r

D(r) = h" e 2#

2
2

(2)

where h defines the direction and magnitude of the shift, |r|2 is the distance of a given
location r in the vector map with respect to the origin and !2 is the decay rate of the
distortion. Second, a shearing!effect is introduced into D by reversing the direction of
all vectors on the right side of the map (Dx>0(r) = -Dx<0(r)). For the purpose of
generating a basic shearing deformation, we define the vector h in the positive z
direction (upwards), perpendicular to the tagging pattern with a maximum magnitude
of one tag spacing (d). The resulting displacement map D for the shearing edge
deformation is shown in Figure 1a. Before implementation of the tag pattern and
applying the shift (or expansion) map, the resolution was increased by a factor of 10,
i.e., each original pixel is replaced by 100 pixels which each have the same value. The
shift map was generated with that same increased resolution. After implementation of
the tag pattern, the distortion was applied in this resolution by shifting each pixel to
new coordinates according to D. This produced a list of points with real x and y
coordinates and a weight corresponding to the pixel intensity. This list was then used
to construct a new distorted image with the original resolution. In order to do this, for
each item in the list, the weight will be distributed over the four nearest pixels (where
the distribution is proportional to the distances of the point to each of the pixels) after
which the image was scaled back to the original resolution. This procedure guaranteed
the smoothness of the map and conserved the total intensity of the image.

Figure 1: Simulation of a shearing deformation. a Shows a vector representation of the deformation
map used to effect a shearing deformation in a Shepp-Logan phantom. b Shows an example of a
deformed Shepp-Logan phantom with a central shift of |h|=0, 0.05 and 1 d (d = tag spacing). The red
line at the right of b indicates the amount of tag separation in the centre of the image at |h| = 1.

Figure 1b shows the tagged numerical phantom with a distortion of |h| = 0, 0.5 and
1d. For systematic evaluation of the segmentation algorithm, series of shearing edge
deformation in the Shepp-Logan phantom were generated with SNR ranging from "
to 1.5 and shifts h with magnitudes ranging from zero to the maximum magnitude d.
Note that because of the shearing effect, at full deformation a net separation of twice
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the tag spacing is observed in the origin of the image (see the right side of Figure 1b).
For the purpose of error calculation, 10 noise realizations were generated for each
shift and SNR level. The SNR level was defined as the ratio of the mean and standard
deviation of the intensity over the complete set of images.

2.2 A scale space based algorithm for tag line segmentation
The scale space framework is a commonly used approach in image processing to
robustly segment an object’s noisy data [15, 16]. Images are blurred with Gaussian
kernels of increasing size, generating a series of images with varying scale dimension
(i.e. width of the Gaussian kernel). At high blurring scale, detailed features are
suppressed and the remaining global structures can be segmented. By combining the
information gained from each scale dimension, a more successful segmentation of the
image can be achieved. We developed a scale space based algorithm suited especially
for the typical features encountered in tagged image series. The algorithm operates in
2D. Per slice of a dynamic volume, a series of scale space representations of the
original image at different levels is created. In the conventional, linear scale space
framework an isotropic Gaussian kernel is adopted. For the purpose of segmentation
of the deformed taglines, we impose an anisotropic kernel, oriented along the tag
orientation (the x-direction). In this case the (non-linear) scale space may be
formulated as:
% x2

L(x, y,"x ) = g(x, y,"x ) # I(x, y)

!

with

y2 (

1 $'& 2" x + d *)
g(x, y,"x ) =
e
2#

(3)

with L(x, y, !x) the derived image I(x, y) at scale dimension !x, g(x, y, !x) the
anisotropic blurring kernel and d the tag spacing. The scale dimension ranges from
!
twice the width of the image to zero in steps of one voxel (meaning no blurring is
applied) (see Figure 2a).

Figure 2: Generation of the scale space dimension. In a, the scale space dimension is maximal, i.e., the
full width at half maximum (FWHM) of the blurring kernel equals twice the width of the image. In the
lower half of Figure2, enlargements are displayed to the region indicated with the red square in the
upper half of a. Segmentation of the middle tag is indicated in green. In b-e the FWHM equals 50, 10
and 5 voxels. The scale dimension of the right frame equals one, meaning that no blurring kernel was
applied.

To automatically segment the tag pattern, first the tags are initialized by segmenting
the highest dimension of scale space L(x, y, !x_max) (see Figure 2a). Due to the large
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blurring extent, the tagging pattern will appear linear at this scale. Also the tagging
pattern is dominant over any detailed structure or noise in the image. Thus,
segmentation at this scale is performed by selecting the voxels with maximum
intensity with respect to neighboring voxels perpendicular to the tag direction; no
further assumptions about the tag spacing or the shape of the tag pattern is used to
segment this lowest scale.

((

)

)

Lseg (x, y i ,"x _ max ) = argmax L x, y i ,"x _ max j = {i #1,i,i +1}

(4)

The image with the second highest blurring scale (Figure 2b) is segmented by
selecting for each of the voxels found in the previous dimension the voxel with the
!highest intensity within a one-voxel vicinity along the direction perpendicular to the
tag pattern initial orientation:

((

)

)

Lseg ( x, y i ,"n ) = argmax L Lseg ( x, y i ,"n +1 )"n j = {i #1,i,i +1}

(5)

This step is repeated for all scales (Figure 2c–e), resulting in an automatic
segmentation of the original non-blurred image. For each segmented tagged voxel a
!maximum intensity has to be present within a one-voxel vicinity for each scale
dimension. Within this procedure, each point located at the maximum of the deformed
tag pattern is segmented individually. No assumptions on the nature of the
deformation are introduced, allowing for separation or shearing of tagged voxels to
occur. The procedure is repeated for all slices and dynamic volumes. Because of the
non-linear framework of the scale space algorithm, there is a chance of creating false
or spurious edges along the dimensions of scale space [15, 16]. In this particular case
this will occur when tags blend i.e. when the amount of deformation exceeds the tag
spacing. This has to be taken into account when choosing parameters such as the tag
spacing, the tag delay, and the time scale of the motion of interest.

2.3

In vivo datasets

To test the algorithm on in vivo data, two typical shearing deformations were scanned
in one healthy, consenting, 26 year old volunteer; deformation of the calf muscles and
eye movement. Both the calf muscle contraction and eye movement were voluntary.
All scans were acquired using a Philips 3T Intera scanner (Philips Healthcare,
Eindhoven, the Netherlands) with a Sense XL 16 channel torso coil for acquisition of
the calf muscles and an 8 channel head coil for the eye muscles. Prior to the tagged
imaging scans, T1 (leg) or T2 (brain) weighted turbo spin echoes (TSE) were
obtained for anatomical reference.

2.3.1

Tagged imaging of the calf muscles

Scan settings of T1 weighted scans: Coronal: voxel size 0.9x9x0.9 mm in plane, slice
thickness 4 mm, matrix size: 444x334, TR/TE = 636/16 ms, number of signal
averages (NSA) = 2; transverse: voxel size 0.9x 0.9 mm in plane, slice thickness 4
mm, matrix size: 332x334, TR/ TE = 636/16 ms, NSA = 2.
Three tagged series of 60 acquired 3D volumes or dynamic volumes were then
acquired with a tag spacing of 8, 12 and 16 mm, all with a tag delay of 150 ms.
Acquisition sequence parameters: Turbo Field Echo (TFE), voxel size 3x3 mm in
plane, slice thickness 5 mm, matrix size 132x132, TR/TE = 1.96/0.93 ms, FOV =
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400x400x30 mm, six slices, flip angle = 8°, SENSE factor 4 in RL direction. The
readout time of this acquisition was 98 ms.. The pixel bandwidth was set at 3,788 Hz
with a corresponding water fat shift of 0.12 pixels. During the tagged acquisitions, the
volunteer was asked to extend and flex the feet in a constant frequency of
approximately 1 Hz.

2.3.2 Tagged imaging of eye movement
Scan settings of T2 weighted scans (transverse and sagittal): voxel size 0.45x0.45 mm
in plane, slice thickness 3 mm, matrix size: 448x448, TR/TE = 2000/81 ms, NSA = 1.
Two tagged series of 60 acquired 3D volumes or dynamic volumes were then
acquired, one transverse and one sagittal, all with a tag spacing of 6 mm and a tag
delay of 150 ms. Acquisition sequence parameters: TFE, voxel size 1x1.5 mm in
plane (1 mm perpendicular to the tag direction and 1.5 parallel), slice thickness 3 mm,
matrix size 200x133, TR/TE = 3.3/2 ms, FOV = 200x200x27 mm, nine slices, flip
angle = 8°, SENSE factor 3.5 in AP direction. The readout time of this acquisition
was 120 ms.. The pixel bandwidth was set at 1,250 Hz with a corresponding water fat
shift of 0.348 pixels. During the tagged acquisitions, the volunteer was asked to move
his eyes perpendicular to the tag line direction (i.e. from left to right during the
transverse acquisition and from up to down during the sagittal acquisition) in a
constant frequency of approximately 1 Hz. In all tagged acquisitions the profile order
was set to low–high with the readout direction perpendicular to the direction of the
tag planes, ensuring a fast and simultaneous readout of the centre and two first
harmonic peaks. To obtain SNR, one set was acquired without implementation of a
tag pattern. SNR was calculated as the ratio of the signal mean and standard deviation
in a 20x20 voxel ROI centered in the FOV over 60 dynamic volumes.

2.3.3 Data analysis
The simulated series of shearing deformation in a numerical phantom were segmented
using the scale space based algorithm. The segmentation error was calculated as the
distance between the segmented and the actual tag points. This distance was averaged
over all voxels in the Shepp-Logan phantom and normalized in units of the tag
spacing; the success rate S was defined as one minus the segmentation error, e:

#
S =1" e =

S.L.
Phantom

y i (LS ) " y i (LA )
h$ N

(6)

where yi(Ls) and yi(LA) represent the y positions of the segmented and actual tags
respectively. N is the number of voxels in the Shepp-Logan Phantom. In this
!
definition, a success
rate of S = 1 corresponds to all lines segmented correctly, S = 0
corresponds to all segmented lines being off one full tag spacing of the actual lines.
All acquired in vivo series of the calf muscle and eye were segmented with the scale
space based algorithm. In the calf muscle data, three dynamic volumes per series were
selected containing increasing states of deformation allowing evaluation of the
segmentation algorithm at these states.
For each eye movement series, two dynamic volumes with minimal and maximal
motion of the eye were selected.
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Figure 3: Scale space segmentation in the Shepp-Logan phantom at various shift levels h. a-d Shows
the segmentation algorithms in several dimensions of scale space for shift |h| = 0.25, 0.50, 0.75 and
1.00 d (d= the tag spacing)

3 Results
3.1

Numerical phantom dataset

Figure 3 shows excerpts of the scale space based segmentation process at several
dimensions of scale space for increasing shifts h for the highest SNR level (SNR =
"). The segmentation can be visibly appreciated as successful in Figure 3a, b. In
Figure 3c, small errors occur around the centre of the image. In Figure 3d, where the
shift |h| = d these errors have increased. In Figure 3c and d the net separation in the
centre of the image equals 1.5 and 2 times the tag spacing because of the shearing
effect. The deformation thus exceeds the tag spacing in the origin of Figure 3c, and in
a larger area around the origin in Figure 3d. As a consequence, spurious edges occur
at various scales causing the segmentation process to fail where separate tags blend.
In Figure 3a, blending does not occur at ay scale and the tagged voxels are segmented
correctly, detaching along the shearing interface in the centre of the image. In Figure
3b, a small amount of blending is present at intermediate scales. The segmentation is
however still successful, which can be attributed to the high SNR of the image.
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Figure 4: Segmentation results from the simulation. a Shows the deformed Shepp-Logan phantom at a
shift of |h| = 0.25d for different SNR levels. The segmented tags are overlaid in green (please refer to
the online version for color figures). b Shows the correspondence of the segmented results with the
original imposed deformation. The segmentation results are indicated in green, the correct lines are
indicated in magenta, white means magenta and green coincide and the segmentation is thus correct.

Figure 4a shows the phantom dataset at a shift of |h| = 0.25 d at several noise levels.
At SNR = " (i.e. no added noise) the algorithm segments the shearing tagged voxels
with negligible error. Note that even around the discontinuous shearing edge the
tagging pattern is successfully segmented. The error in the segmented tags increases
with decreasing SNR. At SNR = 1.5 the algorithm clearly fails in segmenting the
tagging pattern. Figure 5 shows the success rate as a function of the displacement h
and SNR. At SNR = ", the success rate approaches 1 for a shift of up 30 % of the tag
spacing. Note: this equals a net separation of 60 % of the tag spacing in the middle of
the phantom because of the shearing effect. The success rate suddenly drops after 30
% because the deformation starts to approach the tag spacing, leading to the creation
of spurious edges in the scale space algorithm (see section 2.2), in turn resulting in
segmentation errors. The same drop in success can be appreciated for all SNR levels.
For SNR = 10, the success rates remain above 0.97 for shifts up to 30 %.
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Figure 5: Success rate of the segmentation algorithm on simulated shearing as a function of the
imposed shift h at several SNR levels, with error bars denoting the standard deviation over repeated
measurements

3.2

In vivo dataset

The images were acquired successfully. Figure 6 shows tagged dynamic images in the
calf muscle from the in vivo acquisitions in one healthy volunteer. Coronal and
transverse T1 weighted images are added for anatomical reference (Figure 6a). The
SNR was calculated over the two regions indicated in the first image of Figure 6b at
SNR = 18.7.
Overall, tagged acquisition and subsequent segmentation was most successful in the
middle part of the FOV where B0 artifacts were minimal. In Figure 6b, three states of
deformation are presented for the tagged series with tag spacing 8, 12, and 16 mm.
All images are displayed with and without segmented tags (first three and second
three columns). For each image, two areas at the interface of the soleus muscle and
gastrocnemius muscle are enlarged.
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Figure 6: Excerpts of the three in vivo tagged series of the deforming calf muscle in one healthy
volunteer (b). Interface areas of the soleus muscle and gastrocnemius muscle are enlarged in the side
frames of each image. Coronal and axial T1 weighted images are displayed in a for anatomical
reference. Soleus and gastrocnemius muscle interfaces are indicated with white arrows. The two
enlarged areas of muscle interfaces are indicated with red and blue

In the 8 mm series, segmentation appears valid in these areas for the first and second
state of deformation, but fails at the third state. Here, the deformation clearly exceeds
the tag spacing. For the 12 mm tag spacing series segmentation appears valid for all
three states of deformation. The segmented tagged voxels detach at the soleusgastrocnemius interface, where shearing can be visibly appreciated. The 16 mm series
also appear correctly segmented for all states of deformation. Because of the larger
tag spacing, any possible shearing motion has not caused the tagged voxels to detach.
It can be noticed that due to the large bandwidths no displacement is present in the
tagged voxels from the fat to the muscle regions. Chemical shift artifacts of the
second kind can be observed at all water fat transitions in the image, since in our
sequence an almost out-of-phase TE was used.
Figure 7a and b show mid-slice images of the T2 weighted transverse and sagittal
acquisition for anatomical reference of the tagged acquisitions. Figure 7c show tagged
acquisitions of the transverse series with minimal and maximal motion (left and right)
displayed with and without overlay of the segmented lines (up and down). Analogous
to Figure 7c, d shows two tagged acquisitions with minimal and maximal motion of
the sagittal series. Average image SNR was calculated in the tagged acquisitions over
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the area indicated in the anatomical reference images (Figure 7a, b) to be 15.4 for the
transverse series and 15.1 for the sagittal series. Because of the low resolution of the
tagged acquisitions, it is difficult to distinguish the different muscles controlling the
eye movement and the eyeball itself. From the transverse tagged images with minimal
motion in the left side of Figure 7c it can be seen that tag lines detach in the areas
containing eye muscle/eyeball interface. On the right side of Figure 7c, maximal
movement of the eye causes more breaking of taglines crossing the eye
muscle/eyeball interface. On the left side of Figure 7d, the sagittal tagged images with
minimal motion show virtually no breaking of the tag lines. In the sagittal tagged
images with maximal motion on the right side of Figure 7d, the taglines shear and
break near the eye muscle/eyeball interface. The scale space based algorithm
segments the tag lines correctly in all images. In this acquisition, an in-phase TE was
used, which can be appreciated from the absence of chemical shift artifacts of the
second kind (see also above).

Figure 7: Tranverse and sagittal tagged acquisitions of eye movement. The healthy volunteer was asked to move his eyes from
left to right during the transverse acquisition (a,c) and from up to down during the sagittal (i.e. parallel to the optic nerve)
acquisition (b,d). a,b show anatomic reference for the tagged acquisition in c,d respectively. From the two sets of 60 dynamic
volumes, images with maximal and minimal motion caused by the constant eye movement were selected. Motion is minimal on
the left side of c and d and maximal on the right side.
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4 Discussion
Single shot tagged MRI of complex deformation can be segmented automatically with
high precision using the scale space based algorithm, provided that the deformation is
smaller than the tag spacing. The amount of deformation can be adjusted by changing
either the tag spacing or the tag delay.
With the simulated shearing edge deformation, the algorithm’s success rate was
methodically evaluated by varying the amount of shearing deformation and SNR
level. This showed a success rate of 0.97 and higher for deformation that remains
within the tag spacing at SNR = 10 and higher. The algorithm thus functions well at
moderate SNR levels, which are to be expected in single shot tagged MRI. The in vivo
data qualitatively confirmed these results and showed that the tag spacing can be
varied and optimized for maximum deformation with successful segmentation of the
deformed taglines. Although this algorithm was developed for single shot tagged
acquisitions of non-periodic motion, it could also be applied to triggered, tagged
cardiac data.
Alternative approaches to be considered include energy minimization algorithms such
as snakes [17–20]. These can work well on segmentation of tagged data but have
trouble with shearing edges. Snake-like algorithms also require a set of initial
contours or template patterns from which the energy minimization procedure can be
started. Advanced analysis methods for cardiac tagged data such as HARP [21, 22]
exploit the advantages of triggered imaging of periodic motion and employ band-pass
filtering in the k space domain. As a consequence, accurate decomposition of the tag
peaks and the central or DC peak in k space containing the anatomical image (CSPAMM [13, 14]) ensures good results. The scale space based algorithm can segment
breaking tags at relatively low SNR levels and does not require the initial locations of
the tags. It does not employ filtering in the k space domain but rather suppresses the
underlying anatomical image through blurring in the spatial domain. Image
manipulation of the tag pattern in the k space domain without the option of
decomposing the central peak from the higher order tagging peaks can be prone to
errors. This is especially true when the low spatial resolution enforces a large tag
spacing, in turn reducing the distance between the DC peak and the first order tagging
peaks. Its robust and automatic nature offers great potential for processing of large
datasets and enables effective post-processing of complex tagged deformation.
In this study, 1-1 tag patterns were used in both the numerical simulation and the in
vivo experiments. The scale space based algorithm exploits the tag pattern
characteristic of having maximum intensity on the location of each tag line and
therefore works best on these first order tag patterns. For successful segmentation, the
deformation in the single shot tagged data must not exceed the tag spacing, as this
will cause spurious edges in several scale space dimensions, which in turn will result
in segmentation errors. Although the tag spacing can be chosen such that excess is not
likely to occur, depending on the complexity and predictability of the motion of
interest, this excess cannot be ruled out.
Furthermore, through-plane motion and field inhomogeneities can also cause blending
of tags and thus segmentation errors. The algorithm presented here was developed for
1D tag patterns, and should be expanded in future research to 2D and 3D tag patterns.
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5 Conclusion
The scale space based algorithm for automatic segmentation of tagged images
presented here is a robust algorithm that enables the application of tagged MR to
complex (shearing) deformation. It can process large datasets with relatively low
SNR. The algorithm is particularly suited for non-triggered, single shot tagging, since
it does not require initial contours or filtering of harmonic peaks in k space.
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Abstract
Purpose: To investigate the feasibility of measuring motion in the abdomen using a
continuously tagged magnetic resonance imaging sequence.
Materials and methods: To assess (non-periodic) motion in the abdomen, a nontriggered, continuously tagged Transient Field Echo (TFE) sequence was
implemented that acquires one complete 3D data set per pre-pulse after a fixed delay.
In post processing, a frequency analysis approach was developed for compact
reviewing of the data and noise suppression. For proof of principle, a simulation was
made and one free breathing dynamic in vivo scan was acquired in a healthy
volunteer. During the dynamic scan the volunteer received glucagon intravenously.
Results: The simulation showed that this frequency analysis enables the extraction of
motion at low SNR levels. Motion information was successfully gathered from the in
vivo scan. The decline in bowel motion caused by the administration of glucagon
could be quantitatively measured using the continuously tagged sequence.
Conclusion: Continuously tagged imaging in the abdomen for the purpose of
automated gathering of motion information is feasible and could aid the study of
bowel motion.
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1 Introduction
Motion in the abdomen can be characterized as inherently complex due to
physiological processes contributing to the resulting motion patterns. Breathing and
heart motion impose external forces in a generally periodic way. Peristaltic bowel
motion is regulated by the autonomic nervous system (1-4). In contrast to breathing
and heart motion, bowel motion comprises a broad spectrum of frequencies, varying
from very low frequencies in the order of 0.1 Hz up to 1~2 Hz (1-3), the latter being
similar to the cardiac frequency. The clinical value of measuring bowel motion in
addition to morphologic information has been previously demonstrated for monitoring
disease activity in inflammatory diseases of the small bowel and colon, such as
Crohn's disease and in studying irritable bowel syndrome (IBS) (5-6). For the aim of
generating data suitable for visual interpretation, the non-invasive measurement of
abdominal bowel motion patterns by means of magnetic resonance imaging requires
short acquisition times together with the presence of adequate contrast and distension.
Also, given the low frequent nature of peristalsis, the dynamic monitoring of bowel
motion must have a sufficiently long time window to allow a broad spectral analysis
with sufficient SNR of the complex motion patterns in the bowel. Moreover, image
analysis of MRI bowel data is a complicated, high workload process, which requires
dedicated readers and sound statistical analysis (7-10). The motion encoding
technique known as tagged imaging or SPAMM (SPAtial Modulation of the
Magnetization) was originally developed for cardiac motion (11-12) but has been
increasingly used in the abdominal area for measurements of deformation of the liver,
distension of the stomach and gastric activity (13-15). In SPAMM, a short pre-pulse
sequence periodically saturates the magnetization that will eventually appear as a line
or tag pattern in the image. These tag patterns can deform during the period between
the pre-pulse and readout sequence and consequently tissue motion can be derived
from the deformed tag patterns. Yet, abdominal motion lacks periodicity, which
prohibits the use of segmented cardiac or respiratory-gated acquisition. Since repeated
measurements are infeasible, the signal-to-noise ratio (SNR) remains modest. This
work aims to explore the feasibility of continuously tagged imaging for measuring
motion patterns in the abdomen. Intra-abdominal motion was measured with high
sampling frequencies and sufficiently long acquisition times (8 minutes) enabling a
broad-spectrum analysis of motion. Motion patterns from MR tagged data sets were
extracted by automated image analysis methods.
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2 Materials and Methods
This study can be separated into three major parts. First, we present a high temporal
resolution tagged imaging sequence. Second, we perform a simulation study in which
we demonstrate our method and determine how noise propagates into the motion
spectrum. Third, we evaluate the feasibility of the method for evaluation of bowel
motion patterns in one healthy volunteer.

2.1 The continuously tagged sequence
A Turbo Field Echo (TFE)-sequence was modified by adding a tagging pre-pulse,
which consisted of two RF-pulses, alternated with a dephasing gradient (Figure 1).
This produced a symmetric peak in k-space resulting in a sinusoidal modulation of the
magnetization along the axis of the dephasing gradient. To allow for sufficient motion
to occur before the image was acquired a delay was inserted between the tagging prepulse and the TFE-sequence.

Figure 1: Schematic representation of the SPAMM sequence consisting of a prepulse and a 3D readout with P1 and P2 phase
directions (RL and AP) and R read/frequency direction (FH). In comparison with conventional cardiac SPAMM sequences, the
electrocardiogram (ECG) trigger dependence was removed and the SPAMM prepulse was performed only once prior to every
readout. A delay between prepulse and readout was added to allow for motion to occur

2.2 Simulation
2.2.1 Data generation Because of the aim of real time sampling, there is no option
utilizing SNR enhancing techniques such as averaging, triggering or C-SPAMM, as is
conventional in cardiac tagging techniques (16-17). A simulation experiment was set
up to demonstrate the feasibility of this approach, even at low tissue contrast and SNR
in the abdominal area. In the simulation a periodic shift was added to the center of a
Shepp-Logan phantom image of 224x224 pixels, which contains contrast only at a
limited number of boundaries. A Gaussian-shaped non-linear deformation was
defined with a Full Width at Half Maximum (FWHM) of 20 pixels, multiplied by a
sinusoidal time-pattern with a frequency of 0.55 Hz and amplitude of 2 pixels.
Taglines were superimposed by adding a symmetric peak in Fourier-domain such that
the tag spacing was 3 pixels. The motion was sampled at 3.33 Hz (readout of 100 ms
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and delay of 200 ms) for 1 minute (240 dynamic images). The frequency of the
induced motion and the sampling scheme were considered representative for the
intended in vivo acquisition. White noise was added to the images, creating five sets
with SNR ranging from 20 down to 1.5.
2.2.2 Data analysis Deformed taglines in each of the five noise level data sets were
tracked using a dedicated scale space based algorithm (18). The algorithm blurred
each dynamic volume of each of the five sets along the direction of the tag lines and
reconstructed the non-blurred tag line by finding local intensity maxima iteratively,
reducing the amount of blurring with each iteration. In-plane motion perpendicular to
the tag lines was calculated from the deformed tags and stored as scalar value per
voxel, which we called motion fields. After line tracking with the scale space
algorithm and calculation of the motion fields an average spectrum was made for each
of the five sets by summing the vector values stored in the motion fields and
calculating the time dependent Fourier transform. In addition, a spectral power image
was generated by calculating the time dependent Fourier transform for each voxel
individually and averaging the spectral power over a bandwidth of 0.1 Hz centred on
0.55 Hz, the frequency of the simulated deformation.

2.3 In vivo scan
2.3.1 Data acquisition After approval by the Institutional Review Board a healthy, 26
year old female consenting volunteer was scanned using the continuously tagged
sequence. Exclusion criteria were gastrointestinal diseases, history of previous
gastrointestinal surgery and contraindications to undergo MRI. No food or beverages
were allowed one hour prior to imaging except for water intake. Prior to imaging, the
volunteer drank an oral preparation of 1000 ml Mannitol 2.5% solution to ensure easy
visual confirmation of the effect of glucagon. Prior to the tagged imaging, a supine
breath hold Single Shot Fast Spin Echo (SSFSE) of 36 slices was obtained for
anatomical reference. The voxel resolution was set to 2 x 2 mm in plane with a slice
thickness of 4 mm, flip angle = 90 degrees, TR/TE = 517/65 ms, FOV= 512x400x144
mm. The subject was then scanned in supine position over a period of 8 minutes. The
supine position was chosen, as this approach will also be feasible in possible future
applications in patients with abdominal discomfort. Within this period, 1600 volumes
were acquired during free breathing using a Turbo Field Echo (TFE) readout with a
dynamic scan time of 298 ms, consisting of a tagging pre-pulse of 5 ms followed by a
195 ms delay and a read-out of 98 ms. The scan was performed using a Philips 3T
Intera scanner with a Sense XL 16 channel torso coil. The voxel size was set to 3 mm
isotropic with a tag spacing of 9 mm, FOV= 400x400x36mm (12 slices), TR/TE =
2.9/1.8 ms. acquisition matrix =132x132, SENSE factor 4, half Fourier 0.8 in
anterior/posterior (AP) direction and 0.625 in right/left (RL) direction. The profile
order was set to low-high with the readout direction perpendicular to the direction of
the tag planes, ensuring a fast and simultaneous readout of the center and two first
harmonic peaks. At 400 dynamics the subject, while remaining in the scanner, was
administered a spasmolytic agent (1 mg of glucagon, Novo Nordfisk Farma, Alphen
aan den Rijn, the Netherlands), intravenously. The heart rate was obtained through
manual segmentation of the liver diaphragm in temporal direction in the upper left of
the FOV. The breathing frequency was visually attained from the dynamic images.
2.3.2 Data analysis To evaluate the effect of the administration of glucagon after two
minutes, and to compare spectra that were derived from datasets with identical
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duration, the in vivo data set was divided into four sets of two minutes to evaluate the
alteration in motion patterns in independent two-minute stages. Motion fields were
reconstructed as described in section 2.2.2 for each of the two-minute period sub sets
of 400 dynamic volumes. Also analogous to section 2.2.2, voxel based spectral
analysis of the subsets was performed resulting in four 4D spectral images with the
acquired FOV as image domain (400x400x36 mm), a frequency domain of 0.00841.6640 Hz and a spectral resolution of 0.0084 Hz.
These spectra were then averaged over the entire FOV and all subsets, to localize the
spectral bands of breathing and cardiac motion. Note that breathing and cardiac
motion were expected to be spectrally localized whereas bowel motion was expected
to feature in a broader spectrum of frequencies (1). Spectral power images with a
bandwidth of 0.2 Hz were then constructed at four different frequencies for all of the
four periods: below the breathing frequency, at the breathing frequency, in between
the breathing and the cardiac frequency and at the cardiac frequency. As a result, 16
images (4 spectral bands for each period of 2 minutes) per slice were generated,
enabling evaluation of the effect of the administration of the spasmolytic agent with
the continuously tagged imaging method. For a quantitative analysis the FOV was
divided into four quadrants and the average spectral power and standard deviation per
quadrant was calculated. This allowed an evaluation of the effect of glucagon on the
mean spectral power per quadrant from the first to the fourth period for each 0.2 Hz
bandwidth. To test statistical significance, the mean spectral power values were
grouped in sets of 12 (slices) and paired t-tests were performed per quadrant on the
first period against the second, third and fourth period. The spectral power density
was normalized to the maximum spectral power value, which we expected to be the
breathing frequency. An experienced abdominal radiologist used the SSFSE images
as anatomical reference to do a qualitative interpretation of the spectral power images.

125

3 Results
Figure 2a shows tracked lines of the simulated deformations in the Shepp-Logan
phantom at several noise levels at one single time point at maximum deformation.
Spectral analysis of the measured motion averaged over the complete FOV is shown
in figure 2b. The peak of the simulated motion frequency of 0.55 Hz remains clearly
visible for all noise levels. Figure 2c shows images of the integrated spectral power of
the measured motion in a spectral band around the frequency of interest i.e. 0.55
±0.05 Hz. A concentration of increased spectral power in the centre of the FOV could
be seen for all noise levels, corresponding to the simulated motion pattern.

Figure 2: Simulation of continuously tagged imaging of motion at several SNR levels in a Shepp–
Logan phantom image. a: Line-tracking for the simulated deformation at SNR level 20 to 1.5. b:
Spectral analysis for all noise levels summed over the full FOV (amplitude normalized to 1). c:
Integrated spectral power images for each of the SNR levels.

At SNR=1.5, high false positive deformations in the peripheral area were observed,
due to noise. These false deformations reduced to negligible values at SNR=2.5.
Figure 3 shows one dynamic of the middle slice of the FOV in the in vivo dataset. A
temporal cross section is added that shows the evolution of the deformed taglines in
time (0-1.5 minutes and 6-7.5 minutes) from which the effect of glucagon is clearly
visible. The breathing and heart rate were measured at 0.35 Hz and 1.11 Hz,
respectively.
Spectral analysis was made for each of the two-minute subsets. To select the
frequency bands as earlier defined in section 2.3.2, the calculated spectra were
averaged over the complete FOV. Figure 4 shows locations of the selected 'breathing
band' at 0.3-0.5 Hz and the 'cardiac band' at 1.0 -1.2 Hz.
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Figure 3: Excerpts from the complete in vivo tagged imaging set. On the left side one dynamic
acquisition of the middle slice of the FOV is shown, roughly 1 minute before administration of
glucagon. On the right side a cross-section along the temporal direction is shown located at the red
line indicated in the left figure. For visualization of the effect of glucagon, timeframes of 0–1.5 and 6–
7.5 minutes are shown (administration of glucagon at 2 minutes).

Figure 4: Spectral analysis of the tag deformation measured in the healthy volunteer summed over the
complete FOV. Four bandwidths of interest are indicated with blue delimiters; from left to right: 0.0–
0.2 Hz (‘‘low band’’), 0.3–0.5 Hz (‘‘breathing band’’), 0.6–0.8 Hz (‘‘intermediate band’’), 1.0–1.2 Hz
(‘‘cardiac band’’).

These bandwidths correspond to the values found for heart and breathing rate via
manual segmentation of the liver-lung transition and visual attainment of the dynamic
images. A low band was set at 0-0.2 Hz and an intermediate band (possibly
containing higher harmonics of the breathing motion) was set at 0.6-0.8 Hz.
Integrated spectral power images were then calculated for these selected bandwidths
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and normalized to the maximum spectral power i.e. the breathing frequency (see
figure 4).
Figure 5 shows bar plots of the change in spectral power over the four time periods
per bandwidth and quadrant, averaged over the 12 slices. Insignificant t-test results of
the second, third and fourth period against the first were indicated with a *. Decrease
in spectral power is most predominant and consistent in the low bandwidth (0-0.2
Hz), but also present in the intermediate bandwidth (0.6-0.8 Hz). The breathing
bandwidth (0.3-0.5 Hz) and cardiac bandwidth (1.0-1.2Hz) do not show a clear
decline in spectral power. Figure 6 shows images of the integrated spectral power of
the first of the mid abdominal slices. The images range over the four periods of two
minutes (administration of glucagon after 2 min) from left to right, and in the selected
frequency bandwidths from top to bottom. In the low band from 0-0.2 Hz, spectral
power is concentrated in the right and left lower quadrants. From the first to the fourth
period of 2 minutes there is a substantial overall decline in spectral power, indicating
that the spectral power in this band is mainly caused by peristaltic motion, which
decreases after glucagon administration. The second row of images in Figure 6 show
the spectral power integrated over the bandwidth where primarily breathing motion
can be anticipated; 0.3-0.5 Hz. Here the area of high spectral power is larger,
including the liver area and the abdominal wall muscles. Also the spectral power is to
a large extent constant over time. In the third row of images the areas containing the
largest spectral power were located in the upper quadrants, corresponding with
stomach, liver and bowel segments. To a lesser degree there is spectral power present
in the bowel segments in the left lower quadrant. In the spectral band where cardiac
motion is (1.0-1.2 Hz) anticipated spectral power was mainly reproducibly
concentrated in the upper part of the FOV, which is concordant with the expected area
of motion caused by cardiac motion.

Figure 5: Bar plots of the mean spectral power per quadrant (in order: right upper quadrant, left
upper quadrant, right lower quadrant, left lower quadrant), period, and bandwidth. The error bars
indicate the standard deviations. Insignificant t- test results of the second, third, and fourth period
against the first are indicated with an asterisk.
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Figure 6: Coronal images of the integrated spectral power for four bandwidths of interest. From left to
right, integrated spectral power of the four periods is shown (administration of glucagon after 2
minutes). Top to bottom show four bandwidths; 0.0–0.2 Hz (‘‘low band’’), 0.3–0.5 Hz (‘‘breathing
band’’), 0.6–0.8 Hz (‘‘intermediate band’’) and 1.0–1.1 Hz (‘‘cardiac band’’).
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4 Discussion
This study demonstrates the feasibility of continuously tagged imaging in the
abdomen. Motion fields can be measured using the tagging pre-pulse applied a fixed
delay prior to a complete 3D readout. The simulated continuously tagged imaging sets
of complex deformation showed that frequency analysis enables the extraction of
motion at low SNR levels. The method was shown to be capable of quantitative
measurements of a decrease in bowel motion during an eight-minute acquisition
following the administration of a spasmolytic agent.
The method presented here has several strong points that to our knowledge have not
been reported in the literature. The analysis is fully automated and remains successful
in noisy images. In addition, it can probe frequencies well below the breathing
frequency with minimal bowel preparation. The method is non-gated and nontriggered and can be applied throughout the abdomen during free breathing with 3D
coverage. Restriction of the workload is a critical factor in research of bowel motion.
The duration and complexity of the different phases that govern the bowel motion
patterns requires observation periods of hours rather than minutes (1-4). The
frequency analysis approach presented here summarizes motion information gathered
from large datasets in a compact frequency spectrum representation. Instead of
reviewing the occurring motion patterns itself in a CINE sequence, a set of spectral
images can be reviewed enabling assessment of motion over long time periods with
potentially lower workloads.
Bowel motion could be measured in spite of the modest image quality present in
images acquired at high sampling frequency. The images were not intended for
morphological evaluation, image registration or observation of intraluminal
diameters. Breathing and cardiac motion appear as spectrally localized peaks because
of their periodic nature. The 4D frequency analysis offers discriminatory qualities i.e.
separation of breathing-, cardiac- and peristaltic related motion. It is known that the
processes governing bowel motion are of a highly complex structure containing a
broad spectrum of frequencies including very low frequencies around 0.1 Hz (1-3).
The method presented here allows quantitative evaluation of these low frequencies.
This was supported by the decline in bowel motion measured after Glucagon injection
at the low frequency band (figure 6).
Another advantage of continuously tagged imaging is its low dependence of bowel
preparation. Although Mannitol was used in this study for clear visual confirmation of
the effect of glucagon, the tagging sequence provides its own contrast and the method
of motion sampling does not require bowel distention. Combined with the ability to
sample motion during free breathing the low dependence on bowel preparation
schemes will increase the patient acceptance of the method as bowel preparation is
often considered to be burdensome (19-20). Furthermore bowel motion can be
sampled during all motility periods related to the complete digestive process and
during both wake and sleeping state with relative ease.
There are some limitations to the technique proposed in this study imposed by the
hardware. Motion was measured in only one orientation in a 3D volume; this should
at least be expanded to 2D and ideally to 3D. The readout period in our sequence was
not negligible compared to the motility present in the abdomen, i.e. the bowel was not
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immobile during the readout in first approximation. Further shortening of the readout
sequence while maintaining spatial resolution will therefore enhance the accuracy of
the method. With a sampling frequency of 3.36 Hz, under-sampling of motion can
occur. Values in the literature however indicate that bowel motion might remain
below 2 Hz (1-3). In this study we consider the abdomen as a continuous medium that
is locally deformed by motility, i.e. bowel motility will in general propagate to its
surroundings. Improving the spatial resolution should render our method more
specific by probing motion of the bowel wall and its direct surroundings separately.
In conclusion it was demonstrated that the use of continuously tagged imaging is
feasible for evaluation of motion patterns in the abdomen. This technique offers a
potentially robust, minimally invasive approach for the evaluation of physiologic
motion patterns.
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Abstract
Purpose: To evaluate continuously tagged 3 Tesla MRI for monitoring glucagoninduced bowel motility changes in healthy volunteers.
Materials and Methods: After standardized oral bowel preparation, 10 healthy
volunteers underwent a free breathing, continuously tagged three-dimensional (3D)
dynamic fast-field-echo (FFE), at a 3.36 Hz sampling frequency. One milligram of
glucagon was administered intravenously during data acquisition. Each dataset was
divided into four temporal sets of 2 min (period 1 to 4). Taglines were tracked
automatically using a scale spaced based algorithm. Assessment of global spectral
resolution was performed for three frequency intervals: 0.008–0.300 Hz (motility),
0.300–0.400 Hz (breathing motion), and 0.400–0.533 Hz (higher order motion).
Additional analyses were performed at fine spectral resolution in frequency bands of
0.033 Hz. Glucagon-induced motility changes were investigated by means of a
motility index (spectral power normalized to the maximal spectral power pervolunteer), resulting in a range of 0 to 1 (no motion to maximal motion). Statistical
comparison was done for period 1 and 4 (Wilcoxon-signed rank test).
Results: After glucagon administration, a significant decrease in the motility index
was found for the low- (0.008–0.300 Hz) (P < 0.0001) and high-frequency interval
(0.400–0.533 Hz) (P < 0.0001). Around breathing motion frequencies, no decrease in
motility index was detected.
Conclusion: Free-breathing, continuously tagged MR imaging is a noninvasive
method for automated bowel motility assessment and allows for detection of druginduced changes.
Key Words: MRI; continuously tagged MR imaging; bowel motility; peristaltic
motion; glucagon
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1 Introduction
Bowel motility is important for normal absorption and digestion throughout the
gastrointestinal tract. It is characterized by a complex of phasic dilatations and
contractions influenced by a variety of factors such as myoelectrical activity, fasting
state, and hormones (1). Bowel motility assessment is complex and still a rather
uninvestigated area (2). Currently manometry, scintigraphy, and radiographic
examination of radio-opaque markers are the techniques used to determine bowel
motility (3). However, each technique has limitations as it measures only one
derivative of motility (e.g., transit time) or a small part of the gastrointestinal tract (3).
Moreover, all techniques are characterized by invasiveness (4) or ionizing radiation
(5), hampering its repetitive use.
MRI has increasingly been proposed as a technique to measure motility of the
gastrointestinal tract noninvasively and without ionizing radiation. Several studies
demonstrated quantification of gastric and bowel motility with MR imaging (4–8).
Although demonstrating the potential of MRI, these studies have limitations as
assessment of motility was performed by means of manually cross-sectional luminal
measurement in one slice at a time, two-dimensional (2D) imaging sequences were
used and participants were subjected to breathholds. It would be valuable to have a
robust, objective, noninvasive technique that has a coverage comprising both small
and large intestines and allows assessment of bowel motility over minutes rather than
seconds, consequently capturing low-frequency motility patterns.
Continuously tagged MR imaging is a motion-sensitive MRI technique, which is
currently widely applied in cardiac imaging (9). It provides direct imaging of motion
by spatially modulating the magnetization prior to imaging. This technique uses
nonselective radiofrequency pulses separated by gradient pulses; the resulting images
show periodic bands of zero signal or a tag pattern due to the modulation. By adding a
prepulse and a delay between the prepulse and actual imaging sequence, motion can
occur before the image is acquired, thereby causing changes in the tag pattern.
Consequently, tissue motion can be reconstructed; therefore, it could also be applied
to measurement of bowel motility (10). A recent study demonstrated the feasibility of
continuously tagged MR imaging both in a phantom model and one human subject
(10). This continuously tagged imaging sequence was designed for low-frequent
motion, that cannot be triggered, as is common in cardiac imaging; e.g.,
electrocardiogram triggering (11). Continuously tagged MR imaging allows bowel
motility measurement by means of frequency analysis without the need of observer
interaction and can discriminate breathing, and cardiac and bowel motion. As a result,
this technique is independent of operator performance and can acquire data during
free breathing. Furthermore, data acquisition and analyses can be performed for
multiple slices all at once with automated analysis of the data (tracking of the taglines
and calculation of motion spectra) (10). In addition to a previous feasibility study
using this technique (10), we evaluated bowel motility using a more refined spectral
resolution to be able to detect smaller differences in frequency changes and we
introduced a generally applicable index for bowel motility comparison.
The aim of this study is to evaluate 3.0 Tesla (T) MRI as a diagnostic tool in the
assessment of bowel motility using free-breathing, continuously tagged MR imaging
in 10 healthy volunteers. We hypothesize that the decrease in motility following
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administration of a spasmolytic agent, glucagon (GlucaGenVR , Novo Nor- disk B.V.,
Alphen aan de Rijn, The Netherlands), can be assessed reliably using continuously
tagged MR imaging using the introduced continuously tagged motility index.

2 Materials and Methods
2.1 Volunteers and Preparation
In a prospective study, we collected data of 10 healthy volunteers. The Medical
Ethical Committee approved this study. All participants provided written informed
consent. Ten healthy volunteers (six females, four males) with a mean age of 25.8
(range, 20–31) years were included in this study.
Inclusion criteria were (a) human volunteers (b) in the age of 18–45 years (c) who
were willing to undergo minimal bowel preparation and MRI and (d) who were
willing to give informed consent. Exclusion criteria for this study were (a) subjects
who were unable to give informed consent, (b) history of abdominal surgery, (c)
gastrointestinal diseases or current gastrointestinal symptoms, evaluated with the use
of the Gastrointestinal Symptom Rating Scale (GSRS). Further exclusion criteria were
contraindications to (d) undergo MRI (pacemakers, claustrophobia, and pregnancy)
and (e) the use of intravenous injection of glucagon.
All volunteers fasted for 4 h and ingested 1000 mL of hypotonic mannitol 2.5%
(Merck, Darmstadt, Germany) before each MR examination. The ingestion of the
solution was equally distributed over an hour prior to imaging. No diet restrictions
were applied. All volunteers were monitored for adverse effects of the ingestion of
mannitol and administration of glucagon during the examination until 30 min after the
MRI examination.

2.2 Imaging and Motility Assessment
We used a 3.0 T scanner (Intera, Philips Healthcare, Best, The Netherlands) with a
Sense XL 16-channel torso coil. The subjects were scanned in supine position. Before
the continuously tagged imaging sequence, a coronal breathhold Single Shot Fast
Spin Echo (SSFSE) of 36 slices was acquired for anatomical reference (voxel size 2x2
mm, slice thickness 4 mm, flip angle 90 degrees, repetition time/echo time [TR/ TE] =
517/65 ms, field of view [FOV] = 512x400x144 mm). Based on this coronal
sequence, a coronal three-dimensional (3D) fast-field-echo (FFE) with an optimal
coverage of the bowel was selected by tilting the volume. The tag spacing was 9 mm,
the tag delay was 200 ms and the FFE readout time 98 ms, resulting in a sampling
frequency of 3.36 Hz. This sampling frequency was considered to render sufficient
sampling of the bowel motion characteristics. Further scan parameters: voxel size 3
mm isotropic, FOV 400x400x36 mm (12 slices), TR/TE 2.9/1.8 ms, matrix 132x132,
SENSE factor 4, and Half Fourier 0.8 in anterior/posterior (AP) direction and 0.625 in
right/ left (RL) direction.
The continuously tagged MR imaging sequence was acquired during free breathing.
The tagged imaging duration was set at 8 min. After 2 min of continuously tagged
data acquisition, a spasmolytic agent, 1 mg of glucagon, was administered
intravenously to manipulate the bowel motion. We expected the spasmolytic effect to
start 1 min after administration (12). To assess alterations in motility after
administration of glucagon, each dataset of 8 min was divided in four equal temporal
sets of 2 min (period 1 to 4), in which period 1 represents baseline motility.
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Taglines were tracked automatically using a scale spaced based algorithm (13).
Motion derived from the deformed taglines was stored, and motion spectra were
calculated by performing a time-dependent Fourier Transform for each voxel
individually (thus avoiding negative effects from phase differences between different
positions along the gastrointestinal tract). The resulting frequency domain of the
motion spectra was 0.008–1.664 Hz with a spectral resolution of 0.008 Hz
(corresponding to a domain from 1 event per 2 min to 100 events per min).
For quantification and comparison of motility between volunteers, the spectral power
of each volunteer was normalized to their maximal spectral power, which we referred
to as motility index. By definition, the motility index ranged from 0 (no motion) to 1
(maximal motion or breathing motion), as the breathing frequency displays the
maximal spectral power (10). The entire frequency range can be resampled into two
different spectral resolutions; global spectral resolution and fine spectral resolution,
allowing for evaluation of the acquired motility at different scales.

Figure 1: A coronal slice of a 2D HASTE dataset together with an overlay of eight equal segments,
over which the motion spectra were averaged, is shown. Data analysis was performed for the central
quadrants A, B, C, and D, to ensure coverage of the bowel of all volunteers in this field.

For a global spectral resolution, the spectra were resampled in three predefined
intervals of 0.008– 0.300 Hz, 0.300–0.400 and 0.400–0.533 Hz, dividing the spectral
bands into a low-frequency interval, an intermediate-frequency interval, and a highfrequency interval. For the fine spectral resolution, the motion spectra were linearly
resampled to bands of 0.033 Hz, corresponding to two events per minute, per band.
Next, the effect of glucagon on the motility index was evaluated for all volunteers in
both the global spectral resolution and fine spectral resolution. In each healthy
volunteer, the evolution of the motility index in time at the global spectral resolution
was studied. This was performed by comparing baseline motility (period 1) to period
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4.
For anatomical reference, the motion spectra were averaged over quadrants in the
center of the abdominal region (Fig. 1). We analyzed this central area (quadrants A,
B, C and D), because it mostly contains bowel, whereas the outer areas contain
anatomical structures other than bowel. Statistical analysis was performed using the
PASW Statistics 18 (SPSS Inc. Chicago, IL) for Windows statistical package.
Statistical comparison was done for paired groups (Wilcoxon-signed rank test) as data
were not normally distributed. Differences were considered significant at P < 0.05 for
the global spectral resolution and the fine spectral resolution. Differences were
considered significant at P < 0.005 (after Bonferroni correction) for the global
spectral resolution of the individual volunteers. For statistical analysis, we compared
the baseline motility (period 1) with the fourth period to ensure the onset of the effect
of glucagon in all volunteers.

3 Results
Motion spectra were successfully acquired in all 10 volunteers. No serious adverse
effects were registered for any of the volunteers. Minor adverse effects were
registered for three volunteers shortly after administration of glucagon; they all
reported symptoms of nausea. Data acquisition was not interrupted by the adverse
effects.
The quadrants are represented in Figures 2 to 4, which shows bar plots of alterations
in motility index at the global spectral resolution in the three frequency intervals:
0.008–0.300 Hz (Fig. 2a), 0.300–0.400 Hz (Fig. 3a), and 0.400–0.533 Hz (Fig. 4a),
respectively, plotted for the four time periods. In addition, the graphs adjacent to the
bar plots (Figs. 2b, 3b, 4b) rep- resent the motility index of the fine spectral resolution
of the three frequency intervals, also plotted over the four time periods.
For the global spectral resolution, we found a significant decrease in motility index in
the low-frequency interval for all of the quadrants (P < 0.0001 for all quadrants),
reflecting a significant decrease in bowel motility, when comparing period 1 to 4 (Fig.
2a). Evaluation of the fine spectral resolution in this low-frequency interval also
showed a decrease in motility index in the frequency bands when comparing period 1
to 4 (Fig. 2b). Yet, this decrease was not significant for all frequency bands of the
quadrants, indicating the usefulness of the fine resolution analysis. The most
significant decrease was found for the low-frequency bands (Table 1).
The intermediate-frequency interval (primarily breathing motion) of 0.300–0.400 Hz
showed no significant decline in motility index between those periods, which was
found for both the global spectral resolution (Fig. 3a) and the fine spectral resolution
of this interval (Fig. 3b; Table 1).
The high-frequency interval of 0.400–0.533 Hz (higher order bowel motility and
breathing motion) also demonstrated significant decrease in motility index in all
quadrants for both the global spectral resolution (Fig. 4a) and the fine spectral
resolution (Fig. 4b), when comparing period 1 and 4. Although the decrease in
motility index for quadrant A was significant for all the frequency bands in this
interval, the decrease was less significant compared with the other quadrants (Table
1).
Figure 5 represents the motility index of each healthy volunteer for the global spectral
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resolution of the three frequency intervals plotted over the four time periods. Figure
5a shows the results of the low-frequency interval of bowel motility (0.008–0.300 Hz)
for each healthy volunteer. We found a significant decrease (P < 0.005) in motility
index in all volunteers but one (volunteer 6), when we compared period 1 and period
4.

Figure 2: The motility index of the low-frequency interval 0.008–0.300 Hz. The motility index of the
four quadrants is plotted over the four time periods for both the global spectral resolution (a) and fine
spectral resolution (b). A to D: the central quad- rants (A to D) analyzed for motility. 1: Time period 0
to 2 min, which represents baseline motility. 2: Time period 2 to 4 min. 3: Time period 4 to 6 min. 4:
Time period 6 to 8 min. Comparison of period 1 and 4 shows a significant decrease in motility index
for the global spectral resolution in all quadrants. The fine spectral resolution shows a decrease in
motility index for all frequency bands when comparing period 1 to period 4.

For each healthy volunteer, the motility index in the intermediate-frequency interval
(primarily breathing motion) of 0.300–0.400 Hz is shown in Figure 5b. The trend of
the motility index over the four periods differed for each healthy volunteer and
showed no significant decrease in motility index after administration of glucagon
except for two volunteers (volunteers 6 and 10). Figure 5c demonstrates the motility
index of the global resolution for the high-frequency interval (higher order motility
and breathing motion) of 0.400 to 0.533 Hz of each healthy volunteer. In this interval,
seven volunteers showed a significant decrease (P < 0.005 in all seven volunteers) in
motility index when comparing period 1 to period 4, while three others showed a
small increase (volunteers 1, 3, and 6).

Figure 3: The motility index of the intermediate-frequency interval 0.300–0.400 Hz. The motility index
of the four quadrants of the intermediate-frequency interval is plotted over the four time periods for
both the global spectral resolution (a) and fine spectral resolution (b). A to D: The central quadrants
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(A to D) analyzed for motility. 1: Time period 0 to 2 min, which represents baseline motility. 2: Time
period 2 to 4 min. 3: Time period 4 to 6 min. 4: Time period 6 to 8 min. Comparison of period 1 to
period 4 shows no decrease in motility index for both the global and fine spectral resolution (a,b).

Figure 4: The motility index of the high-frequency interval 0.400–0.533 Hz. Again, the motility index
of the four quadrants is plotted over the four time periods for both the global spectral resolution (a)
and fine spectral resolution (b). A to D: The central quadrants. 1: Time period 0 to 2 min; baseline
motility. 2: Time period 2 to 4 min. 3: Time period 4 to 6 min. 4: Time period 6 to 8 min. Motility index
shows significant decrease for both the global spectral resolution and fine spectral resolution when
comparing period 1 and 4 (P < 0.001 all quadrants).

4 Discussion
This study monitored the glucagon-induced bowel motility changes of 10 healthy
volunteers with the use of free-breathing continuously tagged MR imaging and
automated analysis. A significant decrease in bowel motility could be assessed after
administration of glucagon; this change was seen both at the global spectral resolution
and the fine spectral resolution at the low-frequency interval 0.008–0.300 Hz. As
expected, no change was seen for the intermediate-frequency interval (0.300–0.400
Hz), which primarily concerns breathing motion, while a significant change was seen
for the high-frequency interval at 0.400– 0.533 Hz (presumably higher order motility
and breathing motion), albeit smaller than for the low-frequency interval.
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Figure 5: The motility index of each individual volunteer for the global spectral resolution plotted over
the four time periods. a: Significant decrease (P < 0.005) in motility index is shown in all volunteers
but one (volunteer 6), when comparing period 1 and period 4. b: Volunteers 6 and 10 showed
significant decrease comparing period 1 and 4. c: Motility index shows significant decrease in seven
volunteers. Three volunteers show a small increase when comparing period 1 and 4 (volunteers 1, 3,
and 6).

A previous study using tagged MRI for gastric motility measurement in TrueFISP
MRI also measured motility on the basis of a motility index and found significant
changes in the motility index after intravenous application of motility-modifying
agents (8). However, in that study, the taglines were used for providing landmarks for
the spatial position of the stomach, and quantitative and qualitative analysis was
performed manually. Our technique allows automated post-processing. This prevents
subjective interpretation and is further advantageous for use in a larger number of
datasets. As the frequency analysis approach reduces workload, it therefore allows
data acquisition from large datasets, enabling assessment of motion over long time
periods and study of the low-frequency domain in a large number of volunteers.
We found a decrease of bowel motility index after administration of glucagon. This is
in accordance with previous studies (12,14). Froehlich et al (12) demonstrated
complete paralysis of small bowel motility when measuring the luminal diameter after
administration of glucagon. De Iorio et al (14) showed a reduction of phasic luminal
closure events of the small bowel after administration of glucagon. Furthermore, they
demonstrated a significant decrease in luminal closure frequency to 0.2 ± 0.1 events
per minute. This is also in accordance with our results; we found the most prominent
decrease in motility index in the low-frequency bands of 0.008 to 0.166 Hz for all of
the four quadrants (Table 1) and the higher frequencies of 0.400 to 0.533 Hz. We
believe that the motility index of these higher frequencies might have been influenced
by higher harmonics of the lower frequencies. We did not find complete paralysis of
bowel motility, which might be related to the fact that we did not subjectively select a
small bowel loop, but per- formed an objective, overall assessment. Furthermore, we
assessed both small bowel and large bowel motility and glucagon has a more
prominent effect on the small bowel than large bowel (12, 15). Furthermore, in
previous studies (4, 6, 12, 16) that evaluated the potential role of MRI for bowel
motility assessment, participants were subjected to breath- holds during data
acquisition. Continuously tagged MR imaging allows for free-breathing data
acquisition.
This study was subject to limitations. As the aim of this study was to examine the
effect of the spasmolytic agent on bowel motion with MRI, the experiments were not
placebo-controlled and randomized. Previous studies (5,8,12) on bowel motility
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measurement were dependent on gastrointestinal preparations or ingestion of a video
capsule enabling depiction of the gastric and bowel lumen. However, continuously
tagged MR imaging provides contrast by the tagging lines and spectral analysis lacks
the necessity of visualization of the bowel lumen with the use of a bowel preparation
method. Nevertheless, to conform to the existing literature, the healthy volunteers in
this study were also subjected to a bowel preparation, which in future studies can be
omitted.
We analyzed quadrants in the center of the abdomen to ensure measurement of the
bowel. This has limited the analysis of separate smaller parts of the bowel. Motilitymodifying substances such as glucagon are known to have different effects on
motility for different parts of the gastrointestinal tract, e.g., colon and small bowel
(12, 15). The difference in effect on adjacent bowel loops was not measured in our
analysis, because we averaged the motility measurements over the four quadrants. In
addition, we could not distinguish small intestinal bowel motility measurements from
colonic bowel motility measurements. For clinical purposes, this would however be
required, for instance for diagnosis, and monitoring of motility disorders. However,
we found differences in motility index between the four quadrants. The decrease in
motility index for the fine spectral resolution was less obvious for quadrant A for the
higher frequencies, which could be explained by the different properties of bowel
structures in different quadrants, as was demonstrated in previous studies (17, 18).
Furthermore, the aim of this study was to evaluate the feasibility of the technique to
monitor significant decrease in bowel motility within healthy volunteers. For
diagnosis and treatment monitoring, this technique should be further evaluated at
higher spatial resolutions. In addition, the data obtained were not compared with data
using other imaging modalities, such as ultrasound (19). Ultrasound only evaluates a
small part of the bowel at once, and the depth of penetration is a limitation of the
technique (19–21), whereas continuously tagged MRI can acquire bowel motility data
from a larger part of the gastrointestinal tract in one session and without penetration
issues. Moreover, the results of motility assessment with ultrasound depend on the
operators’ experience, whereas MRI is user independent. However, comparison of
different diagnostic modalities (e.g., manometry and ultrasound) to determine
effectiveness for bowel motility assessment is essential for use in the clinical setting.
The read-out period (99 ms) during data acquisition might have allowed for bowel
motion not to be captured by the tagging pattern. Because this method attempts to
sample movement in real time, there is an inherent trade-off between the signal to
noise ratio (SNR), the spatiotemporal resolution, and the size of the sampled volume
(i.e., the number of slices in the AP direction). MRI accelerating techniques and
improved hardware could, therefore, substantially improve the sensitivity. A decrease
in spatial resolution restricted shortening of the read-out period. Ideally, shortening of
the read-out period, increased spatial resolution, and higher SNR would improve
accurate motility measurement with continuously tagged MR imaging.
Furthermore, datasets of 8 min were acquired in this study. The anti-peristaltic effect
of glucagon on bowel motility after intravenous administration is described to last 9 to
20 min (1,12). Therefore, we were unable to measure the effect of onset of motility
after spasmolysis. The evaluation of bowel motility with continuously tagged MR
imaging over a longer period of time would provide valuable information on the
return to normal motility. Although this is possible with this method, in this study, we
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used glucagon only for establishing a change in baseline motility to evaluate
continuously tagged MR imaging.
Continuously tagged imaging cannot distinguish anterograde peristaltic movement
from retrograde peristaltic movement, which in this study could potentially lead to
false negative results for reduced bowel movement. Yet, in previous studies where
bowel movement was assessed with MRI after administration of a spasmolytic agent,
reversed peristalsis did not seem to hamper measurement of decreased movement
(8,12).
The significant decrease in motility index differed for some healthy volunteers
between the various frequency intervals. One volunteer showed no significant
decrease in motility index for the low- and high-frequency intervals when comparing
period 1 and 4. However, when analyzing the differences between the other time
periods for this volunteer, there was a significant decrease demonstrated between
periods 2 and 3. We hypothesized that glucagon did not influence bowel motility in
the same manner for each of the healthy volunteers as was also seen in previous
studies (6,13) assessing bowel motility after administration of a spasmolytic agent, in
which complete paralysis was obtained in only 6 of 10 volunteers (6) and high rates of
inter-individual differences were found (13).
In conclusion, it was demonstrated that, with the use of continuously tagged MR
imaging, decreased bowel motility following administration of glucagon could be
robustly and automatically assessed. This technique offers a noninvasive method for
the evaluation of bowel motility with automated post-processing. Continuously
tagged MR imaging might be an attractive alternative to conventional tools for
diagnosis and monitoring of bowel motility disorders.
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Abstract
Object:
Continuously tagged imaging extends the tagged imaging technique applications from
periodic tot non-periodic motion. This study presents a method to extract Lagrangian
strain and Eulerian flow from the deformed tag planes without the use of the initial,
non-deformed tag plane locations.

Materials and Methods:
Without the use of the initial positions of the deformed tag planes, Lagrangian strain
and Eulerian flow is extracted from the continuously tagged data. The method was
evaluated in a numerical phantom simulation and applied to assessment of bowel
motion in one healthy volunteer.

Results:
The numerical phantom results demonstrate the complementarity of the two measures
and the methods ability to distinguish rigid from non-rigid motion. The in-vivo results
show the methods sensitivity to low frequent bowel motion during free breathing.

Conclusion:
Without the use of initial tag positions Lagrangian strain and Eulerian flow can be
extracted from the continuously tagged data. The automated framework put forward
here increases the potential of continuously tagged imaging for clinical applications,
especially non-invasive assessment of low frequent motility patterns.

Keywords:

tagged imaging, abdominal motion, MRI, SPAMM, motility

149

1 Introduction
Studying tissue motion in the human body provides insight into its functioning and
possible pathology. For instance, cardiac tissue motion and strain are well-known
descriptors for heart disease (1). Also, bowel motion can be studied as a measure of
digestive system functioning (2-10) (11). At present several techniques are available
for probing motility and peristalsis (9,12-18). However, the application of these
techniques is often limited due to being invasive, requiring a high workload, or
deeming inconclusive results (4,12).
Magnetic Resonance Imaging (MRI) allows for non-invasive measurement of tissue
motion. MRI provides excellent soft tissue contrast, and has gained sufficient spatial
and temporal resolution to capture fast moving tissue in high detail (19). Tagged MR
imaging, also known as SPatial Modulation of the Magnetization (SPAMM) imaging,
uses a short prepulse to periodically saturate the magnetization which results in a
stripe or tag pattern in the image (20). This technique was originally developed for
assessment of myocardial function employing ECG triggering (21,22) but can also be
applied outside the heart (23-30). As the original tagging sequence was developed as
a triggered acquisition where the image readout would be divided in a number of
motion cycles, all of these studies employ a number of repetitions, varying from 16
per slice (26) to over a hundred (29).
Recently, the use of continuously tagged imaging has been demonstrated for MRI
assessment of bowel motion and measurement of skeletal muscle tissue deformation
(31-34). By replacing the triggering mechanism from conventional cardiac MR
imaging with a fixed delay and a short, full readout sequence, deformed tag patterns
can be acquired real time without repetitions. When studying skeletal muscle
deformation, a number of repetitions can still be applied to acquire deformed tag
patterns with various tag orientations or to increase the signal to noise ratio. For
accurate measurements of tissue dynamics and to maintain an acceptable comfort
levels, the number of repetitions should however be kept to a minimum (33). In the
case of bowel imaging, repetitions are simply infeasible and motion information must
be acquired real time. The motility patterns that govern small and large bowel motion
are of a highly complex, low frequent nature (3,4,6,9,35,36), and motion assessment
should be of a sufficient time period to capture this low frequent complexity. Using
the continuously tagged sequence, motion information can be sampled during free
breathing and without oral contrast agents. The deformed taglines can be tracked
automatically (37), enabling the study of large datasets (31,32).
In this study we expand on the physical interpretation of single shot tagging in the
abdomen and extract two measures of motion by considering individual sets of
deformed tags and the evolution of deformed tag sets in time, without the use of the
initial, non-deformed, tag positions. Single shot tagged motion was simulated and
analysed and in vivo measurements were performed on one healthy volunteer. The
presented methods are developed to study complex composite motion in the abdomen
which in-vivo is a superposition of cardiac motion and breathing induced motion as
well as the underlying motion of interest, low frequent bowel motion.

150

2 Materials and Methods
2.1

The Continuously Tagged Imaging sequence.

The continuously single shot tagged imaging sequence was designed for intrinsically
non-periodic motion (31,33). Each tag pattern, induced by the tagging prepulse is
acquired in one readout without triggering. The amount of deformation can be
regulated by varying the delay between the tagging prepulse and the readout
sequence. The duration of the readout sequence must be sufficiently short to ensure a
high enough sampling rate and to avoid blurring of the tag pattern. The difference
between a triggered and continuously tagged acquisition can be noted in the type of
deformation in a single acquired set of tags but also in the relative difference in tag
positions between consecutively acquired sets. In Figure 1, this difference is
visualized with a periodic deformation induced in a Shepp-Logan phantom (38,39). In
a triggered tagged sequence, the tag pattern is induced at the beginning of the motion
of interest and subsequently imaged at consecutive states of deformation (Figure 1b).
Each acquired image contains the complete deformation up to the time of acquisition
and the deformation of the tag pattern typically gradually increases with the number
of acquired images. In the case of the continuously tagged sequence, each tag pattern
is acquired and refreshed in relatively short time intervals resulting in a smaller
amount of deformation than is typically seen in triggered tagged images (Figure 1c).
Figure 1d-f visualizes the difference between both sequences in temporal evolution by
re-slicing in the temporal direction. Whereas in the triggered sequence the paths of
constant tag phase coincide with motion paths of tissue points (40) (Figure 1e), in the
continuously tagged sequence, the constant tag phase paths are detached from the
tissue (Figure 1f). This difference strongly resembles the Lagrangian versus Eulerian
formalism where motion of a set of particles is described by either the motion paths of
all individual particles or by describing the flow field in which all particles are
located. The Lagrangian formalism is customarily defined in a frame of reference
located at the centre of mass of the ensemble of particles of interest (in this case the
material or tissue frame of reference) whereas the Eulerian formalism uses the
external or laboratory frame (in this case the scanner frame of reference).
In Section 2.2 and 2.3, two measures of motion are described. One measure is
obtained from the continuously tagged data by analysis of deformed sets of tags
individually, and one measure is obtained by tracking the evolution of tag locations in
consecutively acquired sets. Continuously tagged motion was simulated in a
numerical phantom to validate and compare these measures (Section 2.4) and in vivo
data in one healthy volunteer was acquired to evaluate the measures during free
breathing (Section 2.5).

2.2 Lagrangian strain
Considering an individual acquired set of tags (Figure 1a), motion of the originally
induced straight tag pattern was caused by tissue motion between the tagging prepulse
and the readout sequence. By comparing the distance between tags in the deformed
set to the original tag spacing, the following 1-dimensional strain measure can be
calculated as:
"d
e=
(1)
d

!
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Where e is the linear or Cauchy strain, d is the original tag spacing and !d is the
difference in spacing between the deformed tags and the original, non-deformed tags.
Although other strain measures can easily be derived from the segmented tags,
Cauchy strain was favoured here due to its natural interpretation e.g. a 50% extension
relates to a Cauchy strain of 0.5 (while the equivalent Green-Lagrange or Hencky
strain would be 0.63 and 0.41 respectively). This measure directly represents the
strain of tissue contained between two initially parallel taglines in the material frame
of reference and is therefore designated here as Lagrangian strain1.

Figure 1: Simulated visualization of the difference between triggered tagged imaging and continuously
tagged imaging. The Shepp-Logan phantom shown in figure 1a is tagged in both triggered and
continuous fashion during a periodic deformation. Figure 1b and 1c show three time points of the
triggered (b) and continuous (c) acquisition. Figure 1 d, e and f show the acquisitions resliced in
temporal direction over the middle line (indicated in 1a) of the Shepp-Logan phantom for the nontagged (1d), triggered tagged (1e) and continuously tagged case (1f).

1

The term “Lagrangian” here refers to the frame of reference, and Lagrangian strain should not be confused with the GreenLagrangian finite strain.
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2.3

Eulerian flow

The second proposed measure of motion was obtained from the relative difference
between consecutive deformed tag patterns in time (Figure 1f). After each acquisition,
the tags are encoded at fixed locations in the scanner- or Eulerian frame of reference,
which over time correspond to different locations in the tissue- or material frame (i.e.
the Lagrangian frame of reference). Hence the path of constant tag phase and motion
paths of tissue points are detached (see Figure 1f). The position of a single point on a
deformed tagline of the nth-tagged acquisition in the scanner frame of reference can be
expressed as:

Pn = P0 + v(P0,t n )" t D

(2)

where P0 is the position of the tag point in the scanner frame in the initial nondeformed state; v(P0,tn) is the velocity of a tissue point located at position P0 in the
scanner frame at the time
! of the tagging prepulse; tD is the predetermined delay
between the tagging prepulse and readout sequence (inversely proportional to the
sampling rate). Note that a one-dimensional tag pattern is considered here and only
velocities which are perpendicular to the tag lines are considered. The difference
between consecutive tag lines represents a difference in travelled path:

"P = v(P0 ,t n +1 )# t D $ v(P0,t n )# t D = "v# t D

(3)

which represents the change in tag line movement at a fixed point in the scanner (see
also figure 1d), and as such was designated as the change in Eulerian velocity.
!
Partially differentiating
on both sides, this reduces to:
1 "P
= aE (P0 ,t)
(4)
t D "t
where aE is the Eulerian acceleration (i.e. the acceleration of tissue motion at a fixed
point in the scanner). In fluid mechanics, the acceleration in a fixed point in space (i.e.
Eulerian acceleration or Eulerian rate of flow) and the acceleration of an individual
tissue point (i.e. Lagrangian !
acceleration) are related as:

a L = a E + v" #v

(5)

The second term of the right hand of equation (5) is determined by the amount of nonrigid motion in the material (i.e. for a completely rigid object this term will be zero),
! rate. It is important to note that the Eulerian acceleration, as
but also by the sampling
defined in equation 4 and 5 is sensitive to both rigid and non-rigid motion, whereas
the Lagrangian strain defined in equation (1) is sensitive to non-rigid motion only.
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2.4

Simulation

To validate the complementarity of the two proposed measures, a continuously tagged
acquisition was simulated in a 224x224 pixel Shepp-Logan phantom deformed by the
vector field S (i.e. a global rigid periodic translation superimposed onto a local nonrigid periodic deformation):
#r 2

S(r,t) = A" e

2$ 2

" sin(2%f1t)" yˆ + B" sin(2%f 2 t)" yˆ

(6)

The first term in equation (6) constitutes the non-rigid component with " the
deformation parameter and frequency f1, the second term defines the rigid
!
translational
component with a frequency f2. Both components are directed in the ydirection i.e. perpendicular to the taglines. Lagrangian strain and Eulerian flow were
calculated and a frequency analysis was performed for both measures. To enable
distinction of both components in equation (6) and to simulate a representative
situation for the intended in vivo acquisition the constants were set to: ! = 25 pixels,
A = 1.25, B = 1, f1 =0.5 Hz and f2 = 0.67 Hz. The sampling frequency was set to 10
Hz.

2.5

In vivo data

To further validate the proposed measures of motion in vivo, a continuously tagged
acquisition of the abdominal area was acquired in one healthy, consenting, 29 year old
male volunteer during free breathing, for which approval of the Medical Ethical
Committee was obtained. The volunteer was scanned 2 hours after lunch and did not
receive any other oral preparation. Analogous to earlier studies (31,32), a Turbo Field
Echo (TFE) was used as a readout sequence with a dynamic scan time of 98 ms. The
voxel size was set at 3 mm isotopic with a tag spacing of 9 mm. Further scan
parameters consisted of: TR/TE=2.9/1.8 ms; acquisition matrix = 132x132; SENSE
factor = 4; half Fourier 0.8 in anterior/posterior (AP) direction and 0.625 in right/left
(LR) direction; flip angle = 8 degrees; FOV = 400x400x36 mm (12 slices). A tag
delay of 100 ms was inserted between tag prepulse and read out sequence. 1600
dynamic volumes were acquired in a total scanning time of 5 minutes and 20 seconds.
Prior to the tagged set a breath hold Single Shot Fast Spin Echo (SSFSE) of 36 slices
was obtained; voxel resolution = 2x2 mm in plane, slice thickness = 4 mm; flip angle
= 90 degrees; TR/TE=517/65 ms; FOV = 512x400x144 mm. The subject was scanned
in supine position on a Philips 3T Intera scanner with a SENSE XL 16 channel torso
coil. Breathing motion was manually segmented at the liver diaphragm transition by a
medical doctor who was a 3rd-year PhD student in Radiology. The Lagrangian strain
and Eulerian acceleration obtained from the tagged acquisition were evaluated and
compared to the manually segmented breathing rate at four Feet Head (FH) positions;
mid-liver, transverse colon-stomach, upper small intestines and lower small intestines.
A frequency analysis was performed to evaluate motion patterns over the complete
FOV.
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3 Results
3.1

Numerical simulation in a Shepp-Logan phantom

Lagrangian strain and Eulerian flow were calculated from the simulated continuously
tagged images of the combination of rigid and non-rigid motion, as described in
equation 6, in a Shepp-Logan phantom. Figure 2a and 2b show the Lagrangian strain
visualized for three taglines, in the center and 25 pixels above and below the center, in
the time and frequency domain. Analogous to figure 2a and 2b the integrated Eulerian
flow is visualized in the time and frequency domain in figure 2c and 2d. Although the
two measures differ in both domains, the absence of rigid motion from the Lagrangian
strain measure is most apparent in the frequency domain (indicated with arrows in
figures 2 and 3). Figure 3a and 3b show an alternative visualization of the frequency
distribution where the field of view is divided in squares of 15x15 pixels (figure 3c)
and color-coded to the frequency plots (figure 3a and 3b). The spectral power is
normalized to 1. At 0.67 Hz, the rigid component is absent over the complete field of
view in the spectral power distribution of the Lagrangian strain (figure 3a) and
constantly present in the Eulerian flow distribution (figure 3b). The non-rigid
component is present at 0.5Hz in both figure 3a and 3b. In the Eulerian flow
distribution the spectral power is maximal in the center of the field of view, where the
vector field S (equation (6)) is maximal. The Lagrangian strain distribution is
maximal 1 square above and below the centre of the field of view where the gradient
of S is maximal (y = +/-"). In figure 3b the maximum amplitude of the non-rigid
component (at 0.5Hz) and rigid component (at 0.67Hz) is 1 and 0.78 respectively.
This agrees with the set ratio of amplitudes in section of 2.4 with a deviation of 2.6%.
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Figure 2: Lagrangian strain and integrated Eulerian flow of the continuously tagged simulated
complex deformation in a Shepp-Logan phantom calculated for a single tag plane in the time and
frequency domain. The solid arrows in b and d indicate the non-rigid component of equation 6; the
dashed arrow in d indicates the rigid component of equation 6.
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Figure 3: Color coded representation of the frequency distribution over the whole field of view of the
Lagrangian strain and Eulerian flow in the Shepp-Logan phantom. The color of each spectral
distribution plot in figure 3a and 3b correspond to the colored blocks in figure 3c. The dashed and
solid arrows indicate the non-rigid and rigid component of equation 6.

3.2

In-vivo data

The continuously tagged set during free breathing and the SSFSE were successfully
acquired in one healthy volunteer and Lagrangian strain and Eulerian flow were
calculated from the reconstructed tag lines. Figure 4a and 4b show the temporal
evolution of the Lagrangian strain and integrated Eulerian flow visualized at four FH
positions.
Figure 4c and 4d show Lagrangian strain and Eulerian flow at the same four FH
positions in the frequency domain. The breathing rate, obtained from the manual
segmentation of the liver diaphragm transition is also indicated in each of these
figures in red. In the time domain, breathing motion is most clearly noticeable in the
Eulerian flow (figure 4b) where the general trend is unilaterally in phase with the
breathing curve. The Lagrangian strain also contains variations following the
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breathing curve but less prominent and varying in phase over the FOV. The measured
strain ranges between -0.29 and 0.42 in the upper plane, -0.15 and 0.42 in the second
plane, -0.25 and 0.54 in the third plane and between -0.21 and 0.35 in the fourth
(lowest) plane. The integrated Eulerian flow ranges between -6.0 mm and 5.1 mm in
the upper plane, -3.4 mm and 4.6 mm in the second plane, -3.9 mm and 4.8 mm in the
third plane and between -3.0 mm and 2.8 mm in the fourth (lower) plane. In the
spectral domain (figure 4c and 4d) the findings from figure 4a and 4b are confirmed.
The Lagrangian strain contains spectral activity at the breathing frequency at several
locations spread out over the four FH positions. Spectral activity at the breathing
frequency is present over the full width of the FOV in the Eulerian flow at the upper
three FH positions and even at the lower FH position near the small intestines. An
extra periodic movement of a higher frequency is visible in the upper three FH
positions of the Eulerian flow in both time and spectral domain, which can readily be
identified as cardiac motion (31).

Figure 4: Lagrangian strain and integrated Eulerian flow in the spectral and time domain visualized
in the in vivo dataset at four FH positions.
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Figure 5: Color coded spectral distributions for the Lagrangian strain and Eulerian flow in the in vivo
data set. The SSFSE scan on the left hand of figure 5d was resized to the dimensions of the Turbo Field
Echo readout on the right hand. Analogous to figure 3, the colors of the plots in figure 6a and 6b
correspond to the blocks on the coronal slices in figure 6d.

Figure 5 shows the color-coded spectral distributions of the complete FOV for the
Lagrangian strain and Eulerian flow. The blocks are 15x15 pixels in size. The spectral
distributions cover a domain of 0.0042 to 3.3292 Hz with a spectral resolution of
0.0042 Hz (equal to 1/4 cycle per minute, 15 cycles per hour). Both distributions
show peaks over the whole FOV at 0.3, 0.6 and 1.1 Hz, identified as the breathing rate
(0.3 Hz) and its higher harmonic (0.6 Hz) and the heart rate (1.1 Hz). In the Eulerian
flow distribution, contributions of the breathing and heart rate are more or less
constant in spectral power over the upper and mid abdominal section and much less
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prominent in the lower abdominal region. In the Lagrangian strain distribution, the
heart rate at 1.1 Hz steadily decreases in power towards the lower end of the FOV.
Breathing rate at 0.3 Hz and 0.6 Hz is highest at the top of the FOV, decreases
towards the middle and slightly rises again near the bottom of the FOV. This would
indicate that breathing motion consists largely of rigid translation at the diaphragm
position and has larger non-rigid deformation contributions both above the diaphragm
and at the lower abdominal area. Below the breathing frequency, the Eulerian spectral
distribution is close to zero across the field of view. The Lagrangian strain
distribution shows small contributions below 0.2Hz at various locations. Figure 2c
shows an enlargement of 2a, focussed on the low frequency domain. Near the
stomach, at block number 10 and 19-21, there is a peak visible at 0.05 Hz,
corresponding to the "slow wave", or maximum contractile frequency of the stomach
(3,4,9,35,41,42). Low frequency spectral activity in the lower parts of the FOV is too
small and unresolved to interpret.
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4 Discussion/Conclusion
Using continuously tagged imaging, Lagrangian strain and Eulerian flow data could
be obtained from the deformed taglines without the use of the initial position of the
tag pattern. The simulation of continuously tagged deformation in a Shepp-Logan
phantom showed that the two measures of motion could be regarded as
complementary sources of information.
The in vivo continuously tagged acquisition during free breathing corroborated the
findings of the simulation. Both the Lagrangian strain and Eulerian flow were able to
register heart and breathing rates throughout the FOV. The differences in spectral
power over the FOV agree with the definition of the two measures and the simulation
results. The Lagrangian strain, insensitive to rigid motion, registers the breathing and
heart motion only where it causes tissue to deform, whereas the Eulerian flow
registers the entire, rigid and non-rigid, movement. In earlier studies, continuously
tagged imaging's sensitivity to bowel peristalsis was already shown (31,32). The
difference in lower spectral contributions between the Eulerian flow and Lagrangian
strain indicates that the Lagrangian strain is more sensitive to the low frequent bowel
peristalsis. The spectral peak found at 0.05 Hz in the stomach area and even lower
frequent spectral activity in the colon and small bowel area correspond to literature
(4,9,35,41-43). These hypotheses should however be further verified in future studies,
comparing against different methods of motility assessment. Though the information
extracted from the two measures in the non-triggered tagged data has not the same
quality as multishot data acquired in a triggered fashion, these measures can be
obtained with relative ease compared to triggered imaging sequences. Both tracking
of the deformed tag positions and calculation of Lagrangian strain and Eulerian flow
do not require the initial tag positions (37). Because each image is acquired in one
readout, the acquisition can be done during free breathing and does not require
synchronization to the ECG trigger device or any other type of gating. This renders
the method much more applicable to complex, non-periodic motion.
Although the proposed measures have been qualitatively validated in this study
through numerical simulation and assessment of in vivo data from one healthy
volunteer, further research in a larger group of subjects should be performed to
quantitatively assess these measures. At present the continuously tagged imaging
sequence has only been applied with a one-dimensional tag pattern. Although 2D or
3D tagging grids (44-46) are possible and would enhance the potential of the
presented methods, the addition of extra tag planes cause large SNR drops and was
considered infeasible during this study.
In conclusion, it was demonstrated that Lagrangian strain and Eulerian flow can be
extracted from continuously tagged MR images. Using this non-invasive technique,
complex motion could be assessed in the abdominal area during free breathing,
without ECG triggering and with no oral preparation.
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Chapter 9
Summary and Conclusions
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1 Summary
The work described in this thesis focuses on the potentials of continuously tagged
magnetic resonance imaging (MRI) for research of soft tissue deformation and
motility in the gastrointestinal tract, especially the small intestines. Non-invasive
measurement of muscle tissue mechanical properties with a minimal amount of
repetitions has strong benefits for various topics in biomechanical research. For
motility research, continuously tagged MRI provides a non-invasive technique with
minimal oral preparation, low discomfort for patients and broad spectral frequency
coverage of motility.
In Chapter 2, we presented an MRI compatible soft tissue indentor with a fibre Bragg
grating force sensor. The computer controlled indentor provided highly repeatable
tissue deformation. The indentor was demonstrated to apply forces up to 15 Newton
with a maximum error of 0.043 Newton and its MR compatibility was validated with
indentations tests inside the MRI-scanner on a silicone gel phantom and the upper arm
of a healthy volunteer. The MRI compatible soft tissue indentation system with an
integrated force sensor has a broad range of applications; MRI robotics (1,2), MRI
guided surgical intervention (3-5), MRI based catheterization (6), functional MRI
(7,8) and pressure ulcer development (9-14). Using the indentor presented in chapter
2, we validated the continuously tagged MR sequence for static (i.e. ramp and hold)
deformation of a silicone gel phantom and the biceps of a healthy volunteer in chapter
3. Estimated displacement fields extracted from the tagged acquisition were validated
with displacement fields extracted from markers in the gel phantom resulting in a sub
voxel accuracy with a mean displacement difference of 72 µm and a standard
deviation of 289 µm. Precision of displacement magnitudes were calculated in both
phantom and in-vivo data to standard deviations in the mean displacement magnitudes
of 75 and 169 µm, respectively. The sub voxel accuracy and precision demonstrated
in the phantom in combination with the precision comparison between the phantom
and the in-vivo data provide confidence in the methods presented for measurement of
soft tissue deformation in vivo.
Following the static (i.e. ramp and hold) deformation experiments, we proceeded to a
continuously tagged experiment of dynamic deformation of the silicone gel phantom
and the biceps of one healthy volunteer in chapter 4. At a pace of 12mm/s, 20mm
indentions were sampled at 3.3-3.6 Hz. Deformation in 3D was reconstructed using
only three motion cycles. The precision of individual (i.e. one dynamic)
displacements was 61 and 91 µm in phantom and in-vivo data, respectively. The
accuracy of the cumulative displacement could also be determined to a mean
difference between initial and final locations of 0.44 mm with a standard deviation of
0.59 mm in the phantom. In the in-vivo data, the accuracy of the cumulative
displacement was determined to a mean difference of 0.40 mm with a standard
deviation of 0.73 mm.
Comparisons between displacements calculated from the continuously tagged MRI
sequence information and displacements based on marker tracking in the gel phantom
gave a mean and standard deviation of the difference between true and predicted
marker locations of 0.35 mm and 0.63 mm, respectively. With this experiment we
demonstrated the techniques capability of measuring complex 3D deformation with
speeds up to 12 mm/s following just three repeated motion cycles. This is a
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substantial improvement to current techniques available for 3D assessment of soft
tissue deformation (see introduction of this thesis).
In chapter 5 we demonstrated the feasibility of assessing small bowel motility using
continuously tagged imaging. A simulation of a low frequent deformation in a SheppLogan numerical phantom showed the methods ability to detect motion patterns at
low SNR levels (~2.5). We performed an in-vivo experiment where glucagon was
administered to one healthy volunteer during a continuously tagged acquisition.
Motion was sampled at 3.6 Hz and the volunteer was allowed to breathe freely
enabling an acquisition time of eight minutes. A spectral analysis showed decrease in
spectral activity especially at lower frequencies between 0 and 0.2 Hz.
For post processing of large datasets, an automated algorithm for tracking of the
taglines was developed and presented in chapter 6. To sample at frequencies
sufficiently low for evaluation of slow wave governed processes long scan periods are
necessary and an automated tracking is indispensable for analysis of these data.
Furthermore the tagged bowel region consists of separate parts moving independently
and successful tracking of shearing edges was demonstrated in a numerical SheppLogan numerical phantom simulation as well as in-vivo. The capability of tracking
shearing edges in continuously tagged datasets of deforming calf and eye muscle
reconfirm the method’s potential for a broad scope of applications.
In chapter 7 the intra subject variability of motility assessment using continuously
tagged imaging was evaluated in a group of ten healthy volunteers. Motion patterns
were evaluated per quadrant of the FOV and in three frequency intervals. A motility
index was defined as percentage of the spectral power of the breathing frequency.
Despite the inherent intra subject variations in small bowel anatomy, configuration
and motility patterns, a significant decrease (P<0.0001) in the motility index was
found for the low and high frequency interval (0.008-0.300 and 0.400–0.533 Hz,
respectively) that are related to bowel motility. This validates the method for noninvasive evaluation of motility with minimal oral preparation in group studies.
Chapter 8 describes the extraction of Lagrangian strain and Eulerian acceleration from
the continuously tagged datasets by evaluation of the deformed tags in spatial and
temporal direction. The complementary nature of these two measures was
demonstrated in a Shepp-Logan numerical phantom simulation by showing the
difference in sensitivity of the two measures to a complex deformation and a linear
translation. In-vivo data were acquired in one healthy volunteer during free breathing
for eight minutes. The Eulerian acceleration was shown to be able to register
translational motion (cardiac and breathing) in high detail whereas the Lagrangian
strain seems to be more sensitive to low frequent bowel motion. A color-coded
graphic representation of the spectral activity data was presented to display a compact
overview the data as a function of FOV location and spectral frequency.
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2 Discussion and recommendations for future research
In chapters 2 to 4, we presented a novel methodology to obtain 3D data of soft tissue
deformation in just three motion cycles. The MRI compatible indentor, the
continuously tagged imaging sequence and the post processing techniques provide a
framework in which soft tissue biomechanical properties can be evaluated noninvasively in high temporal resolution. The low amount of repetitions required in this
framework has to our knowledge not yet been demonstrated anywhere in literature
and enables acquisition of input data for various biomechanical models with
conservation of hysteresis properties and maintaining acceptable levels of discomfort
for volunteers and patients. Future MRI developments in acceleration techniques
(15,16) will enable improvement on the spatial and temporal resolution and possibly
the application of a 3D tagging pattern reducing the required amount of repetitions to
just one, i.e. real time measurement of 3D soft tissue deformation.
Chapters 5 to 8 describe a similar framework for motility assessment in an automated
and highly non-invasive manner. To our knowledge this is the first MRI based
method capable of motility assessment during free breathing and capable of
monitoring low frequency motility phenomena. Although bowel preparation
(mannitol) was used in the validation studies (chapter 5 and 7), the method is
intrinsically independent of bowel preparation as the tagged sequence provides its
own contrast. This enables application of the method to studying motility in all
digestive phases i.e. during the several phases of the Migrating Motor Complex and
the postprandial-pattern. Because the method can be applied during free breathing,
changes in motility patterns can also be studied while the subject is asleep. The
combinations of these features render the here presented technique a potentially
strong aid to existing motility assessment techniques in both research and clinical
practice. Current MRI techniques are capable of measuring motility with high
precision and non-invasively (17-22). Most techniques do however require breath
holds and some sort of oral preparation, discarding study of preprandial motility
patterns and complicating measurements for longer durations. Manometry is also
capable of sampling motility for long durations and independent of preparation, but
cannot reach throughout the entire GI tract and is much more invasive than the
technique presented here. The framework presented here could thus aid the study of
the capricious nature of bowel motility as it is able of assessing motility in a
completely non-invasive manner and without inhibiting motility in any way.
Analogous to the presented framework for evaluating biomechanical properties,
continuously tagged imaging for motility assessment could benefit greatly from MRI
hardware and software developments in the future. A 2D or 3D tagging grid
implemented in the continuously tagging sequence would enable registration of
motion in two or three directions and greatly improve registration of the motility
patterns.
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Hoofdstuk 10
Samenvatting en Conclusies
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1 Samenvatting
Het werk beschreven in dit proefschrift richt zich op het potentieel van "Continuously
tagged magnetic resonance imaging (MRI)" voor onderzoek van vervorming van
zacht weefsel en motiliteit in het maag-darmkanaal, specifiek motiliteit in de dunne
darmen. Niet invasieve metingen van mechanische eigenschappen van spierweefsel
met een minimaal aantal herhalingen heeft sterke voordelen voor verschillende
onderwerpen in biomechanisch onderzoek. Voor motiliteits onderzoek vormt
Continuously tagged MRI een methode met minimale orale preparatie, een laag
niveau van ongemak voor de patiënt en met een breed spectraal bereik van motiliteit.
In Hoofdstuk 2 presenteren we een MRI tolerante indentor van zacht weefsel met een
vezel Bragg rooster kracht sensor. The computer bestuurde indentor produceerde zeer
herhaalbare weefsel vervorming. De indentor kon krachten toepassen tot aan 15
Newton met een maximale fout van 0.043 Newton en de tolerantie voor de MRI werd
gevalideerd met indentatie testen in the MRI scanner met een siliconen gel fantoom
en met de boven arm van een gezonde vrijwilliger. The MRI tolerante zacht weefsel
indentor met de kracht sensor heeft verschillende toepassingen; MRI robotica (1,2),
MRI geleide chirurgische interventie (3-5), MRI catheterisatie (6), functionele MRI
(7,8) and monitoring van doorligwonden (9-14).
De indentor gepresenteerd in hoofdstuk 2 wordt in hoofdstuk 3 gebruikt om de
continuously tagged MR sequentie te valideren voor statische (i.e. ramp and hold)
vervorming van een siliconen gel fantoom en de biceps van een gezonde vrijwilliger.
Geschatte vectorvelden van vervorming verkregen uit de sequentie zijn gevalideerd
met markers in the gel van het fantoom. Dit resulteerde in een sub voxel accuraatheid
met een gemiddelde verplaatsings verschil van 72 µm en een standaard deviatie van
289 µm. De precisie van de metingen in het fantoom en de biceps zijn bepaald op 75
en 169 µm. The sub voxel accuraatheid en precisie gedemonstreerd in het fantoom in
combinatie met de precisie van de in-vivo data geven goede gronden voor de
toepasbaarheid van deze methodes voor metingen van vervorming in zacht menselijk
weefsel.
In aansluiting op de statische (i.e. ramp en hold) vervorming experimenten beschrijft
hoofdstuk 4 een continuously tagged MRI experiment van dynamische vervorming
van het siliconengel fantoom en van de biceps van een gezonde vrijwilliger. In dit
experiment werden de indentaties van 20mm toegepast met een snelheid van 12mm/s,
en gemeten met een frequentie van 3.3-3.6 Hz. De 3D vervorming kon worden
gereconstrueerd met gebruik van slechts 3 herhalingen. De precisie van verplaatsing
in één herhaling (i.e. één “dynamic”) werd gemeten op 61 µm in het siliconen
fantoom en 91 µm in de in-vivo data. De accuraatheid van de cumulatieve
verplaatsing kon ook worden bepaald als verschil tussen de begin en eind posities met
een gemiddelde van 0.44mm en een standaard deviatie van 0.59 mm in het siliconen
fantoom. The accuraatheid in de in-vivo data werd bepaald op een gemiddeld
verschil in de verplaatsing van 0.40 mm met een standaard deviatie van 0.73 mm.
Vergelijkingen tussen verplaatsingen gebaseerd op de informatie verkregen uit de
continuously tagged MRI sequentie en verplaatsingen van de markers in het siliconen
gel fantoom gave een gemiddeld verschil tussen de werkelijke en voorspelde marker
locaties van 0.35 mm met een standaard deviatie van 0.63 mm.
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Dit experiment demonstreert het vermogen van de techniek 3D vervormingen te
kunnen meten met snelheden tot aan 12 mm/s op basis van slechts 3 herhalingen. Dit
is een substantiële verbetering t.o.v. huidige technieken voor het meten van 3D
vervorming in zacht weefsel (zie ook de introductie van die proefschrift).
In hoofdstuk 5 wordt de mogelijkheid van motiliteits metingen met de continuously
tagged imaging sequentie gedemonstreerd. In een simulatie van een laag frequente
vervorming in een Shepp-Logan numeriek fantoom was de techniek in staat de
bewegings patronen te herkennen tot aan lage Signaal-Ruis verhoudingen (SNR
~2.5). Om de techniek op in-vivo data te testen is er glucagon gegeven aan een
gezonde vrijwilliger gedurende een acquisitie van de continuously tagged MRI
sequentie. Met de sequentie was het mogelijk beweging te meten in het abdoom met
een frequentie van 3.6 Hz. Omdat de vrijwilliger kon door ademen tijdens de
acquisitie was het mogelijk beweging in het abdoom te meten voor een periode van 8
minuten. Een spectrum analyse van de gemeten data liet een daling zien in de
spectrale activiteit die maximaal was in het lage frequentie interval tussen 0 en 0.2
Hz.
Hoofdstuk 6 beschrijft een automatisch algoritme voor het vinden van de vervormde
taglijnen, ontwikkeld om grote datasets te kunnen verwerken. Om lage frequenties te
kunnen meten is het nodig voor langere tijdsintervallen te kunnen meten, dit is niet
bewerkelijk zonder een automatisch algoritme voor het segmenteren van de
vervormde taglijnen. Het automatische algoritme is in staat taglijnen te kunnen vinden
ondanks de complexe beweging van langs elkaar schuivende delen in het abdoom. Dit
is gedemonstreerd in een Shepp-logan numeriek fantoom zowel als in in-vivo data.
Tevens was het algoritme in staat vervormde taglijnen te kunnen blijven volgen in
langs elkaar schuivende randen in de kuit- en oog spier. Dit laat zien dat het algoritme
op een breed gebied van applicaties zou kunnen worden toegepast.
In hoofdstuk 7 is in de intra-subject variabiliteit van motiliteits metingen getest in een
experiment van continuously tagged imaging in een groep van 10 gezonde
vrijwilligers. Bewegingspatronen zijn geëvalueerd per kwadrant in het gezichtsveld
en in drie frequentie intervallen. Een motility index is gedefinieerd als het percentage
spectrale power t.o.v. de ademhalingsfrequentie. Ondanks de inherente intra subject
variaties in dunne darm anatomie, configuratie en motiliteits patronen, is ere en
significante daling in motiliteits index vastgesteld (P<0.0001) in het lage en hoge
frequentie interval (0.008-0.300 en 0.400-0.533 Hz, respectievelijk) gerelateerd aan
darm motiliteit. Dit resultaat valideert de methode voor niet invasieve meting van
motiliteit met minimale orale preparatie in groepsstudies.
In hoofdstuk 8 wordt Lagrangiaanse vervorming (strain) en Euleriaanse acceleratie
afgeleid uit de data verkregen met de continuously tagged MRI sequentie door de data
in spatiële en temporele richting te beschouwen. De complementariteit van deze twee
maten is gedemonstreerd door in een Shepp-Logan numeriek fantoom het verschil in
sensitiviteit te laten zien tussen twee maten voor een complexe vervorming en een
lineaire translatie. Daarnaast zijn de twee maten getest in een in-vivo acquisitie van
beweging in het abdoom gedurende 8 minuten en tijdens vrije ademhaling van de
vrijwilliger. De Euleriaanse acceleratie bleek in staat translationele beweging zoals
ademhaling en hartkloppen in detail te kunnen registreren terwijl de Lagrangiaanse
vervorming meer sensitief lijkt te zijn voor laag frequente darm beweging. Kleur
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gecodeerde grafische representaties van de spectrale activiteit is gepresenteerd om een
compact overzicht van de data te kunnen geven als functie van het gezichtsveld en als
functie van de spectrale frequentie.
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2 Discussie en aanbevelingen voor toekomstig onderzoek
In hoofdstuk 2 tot en met 4 hebben we nieuwe methodiek gepresenteerd voor het
meten van 3D vervorming van menselijk zacht weefsel in slechts drie herhalingen. De
MRI tolerante indentor, de continuously tagged imaging sequentie en de post
processing technieken vormen tezamen een raamwerk waarmee biomechanische
eigenschappen van zacht weefsel kunnen worden geëvalueerd op niet invasieve wijze
en met hoge temporele resolutie. Het lage aantal herhalingen benodigd in deze
methodiek is bij weten van de auteurs nog niet gedemonstreerd in de literatuur en
maakt het mogelijk input data te verkrijgen voor verscheidene biomechanische
modellen met behoud van hysterese eigenschappen en met acceptabele niveaus van
ongemak voor vrijwilligers en patiënten. Nieuwe ontwikkelingen in MRI acceleratie
technieken (15,16) zullen het mogelijk maken de spatiële en temporele resolutie te
verhogen en waarschijnlijk ook het aanleggen van een 3D patroon. Een 3D patroon
zou het mogelijk maken 3D beweging te meten met slechts één herhaling en dus realtime. In Hoofdstukken 5 tot en met 8 wordt een raamwerk beschreven voor meting
van motiliteit op automatische en zeer niet invasieve wijze. Bij weten van de auteurs
is dit de eerste MRI gebaseerde methode die in staat is motiliteit te meten gedurende
vrije ademhaling en laag frequente motiliteit kan registreren.
Ondanks het feit dat er darm preparatie gebruikt is in de validatie studies (Hoofdstuk
5 en 7) is deze methode intrinsiek onafhankelijk van preparatie. Waar preparatie vaak
gebruikt wordt om de darm contouren te visualiseren en contrast te creëren, creëert de
continuously tagged MRI sequentie zelf het contrast op basis waar van beweging
wordt gemeten. Dit maakt het mogelijk om met deze methode motiliteit te bestuderen
in alle fases van de vertering d.w.z. tijdens de verschillende fases van het Migrating
Motor Complex en tijdens het postprandiale patroon. Omdat de methode in staat is te
meten tijdens vrije ademhaling kan motiliteit ook worden bestudeerd tijdens de slap.
De combinatie van deze eigenschappen maakt dat de hier gepresenteerde methodiek
een sterk potentieel heeft van toegevoegde waarde te kunnen zijn voor bestaande
technieken voor het meten van motiliteit zowel in onderzoek als de kliniek. Huidige
MRI technieken zijn reeds in staat motiliteit te meten met hoge precisie en op niet
invasieve wijze (17-22). De meeste technieken vereisen echter adem inhouden en
bepaalde orale preparatie. Dit elimineert de mogelijkheid preprandiale motiliteit te
kunnen bestuderen en bemoeilijkt motiliteits metingen voor langere periodes. Het is
mogelijk om motiliteit voor lange periodes te meten en zonder orale preparatie met
gebruik van manometrie. Deze techniek is echter niet in staat het volledige GI kanaal
te bestrijken is als zeer invasief te beschouwen t.o.v. de hier beschreven technieken.
De methodiek gepresenteerd in dit proefschrift zou dus zeker een bijdrage kunnen
leveren aan het bestuderen van de grillige natuur van darm motiliteit. De methodiek is
in staat motiliteit te meten op volledig niet invasieve wijze en zonder de motiliteit te
beïnvloeden. Net zoals het de methodiek voor het meten van biomechanische
eigenschappen van zacht weefsel zal kunnen profiteren van vernieuwingen in
acceleratie technieken in MRI geldt dat ook voor de methodiek voor het meten van
darm motiliteit. De implementatie van een 2D of 3D tagging patroon in de
continuously tagged sequentie zou het mogelijk maken beweging simultaan in twee of
drie richtingen te meten en de registratie van motiliteits patronen sterk verbeteren.
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