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ABSTRACT 
 
 

 Diffusion-weighted Magnetic Resonance Imaging (DWI) has become a useful tool 

in medicine for the purpose of diagnosis, tracking disease progression, and monitoring 

response to therapy.  The current techniques used for DWI suffer from artifacts due to 

magnetic field inhomogeneities, image distortion, and low spatial resolution. The aim of 

the presented work is to advance DWI by improving upon and developing novel high-

resolution acquisition techniques.  The approach taken for this purpose was to utilize 

radial fast spin-echo data acquisitions, which have been shown to produce high-resolution 

DWI without artifacts due to magnetic field inhomogeneities.  In addition, there is little 

image distortion in radial fast spin-echo DWI, which allows for direct overlay onto 

anatomical MRI.  However, a draw back is that radial methods require longer scan times.  

By increasing the imaging speed of existing radial fast spin-echo acquisitions, it may 

become a more practical clinical tool.  In addition, novel acquisition techniques are 

developed that push high-resolution to all three dimensions.  By employing a three-

dimensional radial fast spin-echo acquisition, voxels in an image have equal size in each 

dimension and can be on the order of 1mm3.  By decreasing the voxel size, the tissue 

contained within a voxel is more homogeneous.  This is important for DWI applications 

that aim to measure the microscopic integrity of the tissue.  The development and 

analysis of the novel radial fast spin-echo techniques are presented in this work along 

with several clinical applications.  The remaining issues to be addressed for application to 

quantitative DWI measures are also presented, along with possible solutions.      
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I.  INTRODUCTION 

In the 1940’s the NMR signal was independently discovered by both Felix Bloch 

and Edward Purcell (Bloch, 1946; Purcell, 1946).   Almost thirty years later, in 1973, the 

first MR image was published by Paul Lauterbur (Lauterbur, 1973).  Since then, much 

work has been done in both academia and industry to advance the technology to the 

invaluable clinical tool we know today.  In this dissertation, work will be presented that 

aims to advance the technology even further by improving high-resolution techniques in 

the sub-field of diffusion-weighted MRI.  This includes both increasing the imaging 

speed of existing acquisitions to allow for more practical clinical use and the 

development of new acquisition techniques that push high-resolution to all three 

dimensions.  

 

The MR Signal 

 Atoms posses nuclear spin that can be described by a spin quantum number I.  

Atoms with a nucleus that contains an odd number of protons or neutrons (I ≠ 0) have a 

spin angular momentum and a magnetic moment.  These spins act like magnetic dipoles 

and possess magnetic properties.    In MRI, most often the atom of interest is Hydrogen 

(1H) attached to a water molecule (H2O) because it is most abundant in the body.  

Approximately 70-80% of the weight of most cells is from water (Lodish et al., 2000).   

 To image the distribution of 1H, we must first put our object of interest into a 

magnetic field.  The main magnetic field is referred to as B0 and for a clinical scanner has 

a strength ranging from approximately 0.3 to 3 Tesla.  The direction of B0 will be defined 

12



 

as pointing along the longitudinal axis, z.  In the presence of a B0 field, the tendency is 

for the magnetic moment of 1H nuclei to align parallel or anti-parallel to the main field.  

The lowest energy state is to align with the field, and thus more 1H are parallel than anti-

parallel with the field.  Although one more 1H out of a million aligns with the field than 

against at 0.3 Tesla, the number of 1H available is so large that they sum together to form 

a net measurable magnetization referred to as M0 (Purcell, 1946). The magnitude of M0 is 

directly related to the proton density, ρ, in the object of interest; the more 1H there are, 

the greater the net magnetization.  When M0 is misaligned with the B0 field, the vector 

will precess about B0 and “resonate” at the well-defined Larmor frequency (ω) (Bloch, 

1946).  This resonance frequency is directly related to the strength of the magnetic field 

and is described by the equation, 

 ω = γB , (1) 

where γ is the gyromagnetic ratio.  The value of γ is unique for each type of spin and is 

equal to 2.675x108 rad/s/Tesla for 1H.  When put in terms of linear frequency, γ/2π is 

42.58 MHz/Tesla, which is in the range of radio frequencies. 

To move M0 away from its equilibrium state of alignment with B0, a 

radiofrequency (RF) pulse is applied.  A second magnetic field is created, B1, which is an 

oscillating magnetic field, and points in an orthogonal direction from B0.  The presence of 

the B1 field applies a torque on M0, so that M0 precesses about the B1 field.  By keeping 

the direction of the B1 field orthogonal to B0 and making it rotate in this plane such that it 

follows the resonance of M0 about B0, the M0 vector can be tipped away from its 

equilibrium state by any angle θ.  For example, if the M0 vector is tipped by θ = 90°, it 
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will be in the transverse, or XY plane.  Because B1 is oscillating at the Larmor frequency, 

in the range of MHz, it is referred to as a “radiofrequency” pulse.  Once M0 has been 

rotated by the desired θ, the B1 field can be turned off and M0 then precesses about B0 at 

the Larmor frequency. This oscillating net magnetization will induce current in a nearby 

coil of wire, or receiver coil, via Faraday’s law.  This phenomenon is what’s referred to 

as a free induction decay (FID) or the “MR signal”.  The oscillating net magnetization in 

the transverse plane is given by  

 MT = M x + iM y = M 0eiωt ,      (2) 

where Mx is the component of M0 pointing along the x-axis and My is the component of 

M0 pointing along the y-axis. 

As with all physical phenomena, this system of excited spins returns back to the 

equilibrium state of being aligned with B0.  The time constant that describes the recovery 

of the system back to equilibrium is the spin-lattice relaxation term, T1, and is defined by 

the following equation:   

 M z = M 0 + M z 0( )− M 0[ ]e−t /T1 , (3)  

where Mz is the component of M0 pointing along the z-axis. The time required for the 

system to relax back to 63.3% of M0 pointing along B0 is the T1 value, which is different 

for different tissues.  For the special case of Mz(0)=0, just after a 90° RF pulse, EQ 3 

reduces to the following equation: 

 M z = M 0 1− e−t /T1( ). (4)  
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The other fundamental time constant is T2, which characterizes the decay of the 

magnetization in the transverse plane, MT, and describes how long the rotating transverse 

magnetization can induce a current in the receiving coil.  Each 1H is attached to a water 

molecule that is tumbling and that randomly comes into close proximity to other water 

molecules.  Because spins act like magnetic dipoles themselves, as two spins come close 

together they change the local magnetic field that each other experiences.  For example, if 

two spins are located side by side in the same plane and one is aligned with B0, if the 

second spin is also aligned with B0 it will decrease the field felt by the first spin where as 

if the second spin is aligned against B0 it will increase the field (Haacke et al., 1999).  

These slight changes in field strength briefly change the frequency of precession for each 

individual spin, according to EQ 1.  The net result is a loss of coherence among all the 

spins precessing in the transverse plane and an overall decay in the magnitude of the MT 

vector.  The decay of the transverse component of magnetization is described by the 

following equation. 

 MT = MT 0( )e−t /T2  (5) 

In addition to these random interactions that are different for each tissue type and cause a 

signal decay, there are also static sources of magnetic field inhomogeneity that change a 

spin’s local magnetic field strength and cause a loss of spin coherence.  This time 

constant is referred to as T2
†.  Some sources of static magnetic field distortions are 

air/tissue interfaces, and metal, including the iron within deoxygenated hemoglobin of the 

blood.  The effects of both T2 and T2
† combine in the decay of the MR signal and are 

related to the overall decay constant T2
* by 
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1

T2
∗ =

1
T2

+
1

T2
† . (6) 

If a 180° RF pulse is applied at some time τ after an initial 90° RF pulse, a spin-echo is 

formed at time 2τ (Hahn, 1950).  A 180° RF pulse flips the net magnetization from one 

side of the transverse, XY, plane to the other.  Consequently, any spins that felt a slightly 

different B due to static field inhomogeneities (T2
†), and lost coherence with the other 

spins precessing at slightly different resonance frequencies, will come back into phase at 

time τ after the 180° RF pulse.  At the spin-echo point, any reduction in the magnitude of 

the net magnetization is only due to T2 decay rather than T2* decay. 

   

Data Acquisition and k-Space Trajectories 

 A magnetic resonance image contains information about the spatial distribution of 

the magnetization described in the previous section.  If only B0 exists (i.e. a constant 

spatially homogeneous field), then all spins possess the same resonance frequency and 

cannot be distinguished from each other. To achieve spatial localization in MR imaging, 

linear gradient magnetic fields are applied.  The strength of these gradient fields varies 

linearly with location and adds to the B0 field.  In the presence of a gradient, the 

resonance frequency of a spin becomes a function of its position along the gradient and is 

given by the equation 

 ω = γ B0 + xGx + yGy + zGz( )= ω0 + γ xGx + yGy + zGz( ). (7) 

Typical gradient field strengths for clinical MRI systems are in the range of 10-50 mT/m. 
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 By changing the magnetic field in a specified way using time varying gradients, 

the total magnetic field becomes a function of space and time, B = B(x,y,z,t).  

Consequently, the resonance frequency is now dependent on a spin’s position in space 

and time, ω(x,y,z,t) = γB(x,y,z,t).  The signal that is received can be shown to be a 

measure of Fourier space (spatial frequency space) of the object.  The equation for the 

received signal is 

  s t( )= MT x,y,z( )e−i2π xkx (t)+yky (t)+zkz (t)( )∫∫∫ dxdydz , (8) 

where 

  kn t( )=
γ

2π
Gn t'( )dt '∫ , (9) 

the time integral of the gradient waveform with amplitude Gn.  The term MT(x,y,z) is 

some function of the parameters ρ(x,y,z), T1(x,y,z), and T2
*(x,y,z), the specific form of 

which depends on the timing and excitation parameters for the pulse sequence employed. 

It can be seen that s(t) is equal to the 3D Fourier transform of MT(x,y,z) and kn is in units 

of spatial frequency, typically cycles/cm (Nishimura, 1996).  Because of this relationship 

between the signal and spatial frequency, the Fourier transform space that is measured is 

referred to as “ k-space” (Ljunggren, 1983; Twieg, 1983).  As the time t increases, the 

function k(t) describes a trajectory through k-space as determined by the time integrals of 

the applied gradient waveforms GX(t), GY(t), and GZ(t).  The value of s(t) at each point in 

the trajectory is the value of the Fourier transform of the magnetization distribution 

MT(x,y,z) (Ljunggren, 1983). To produce an image, a set of signals is typically collected 
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such that the trajectories cover a sufficient part of k-space to allow reconstruction of 

MT(x,y,z). 

 Often, the first step in producing an MR image is to reduce a 3D object to a 

smaller volume or “plane” of interest from which to receive signal; this is called selective 

excitation (Haacke et al., 1999).  Throughout this dissertation an axial slice will be 

described, which is oriented perpendicular to the z-axis.   For selective excitation of this 

axial slice, the GZ gradient is turned on so that the resonance frequency linearly varies 

with location along the z-axis.  Recall that B1 must oscillate at the same frequency as the 

spins to be excited.  Consequently, to excite a slice with some thickness, B1 must possess 

a bandwidth of frequencies that is matched to the bandwidth of resonance frequencies of 

the spins in the slice of interest.  By applying an RF pulse with some frequency 

bandwidth in the presence of a gradient, only spins located within the specified axial slice 

will be tipped into the transverse plane and contribute to the signal.  Selective excitation 

allows spins to be localized to a particular position along one axis of space.  Position 

information along the other two axes is still needed.      

 As described previously, one can measure trajectories through k-space by 

applying gradients and collecting data related to the spatial frequencies of an object.  By 

using selective excitation, the spatial localization problem is reduced to two dimensions.  

There are numerous ways in which the GX and GY gradients can be applied to produce 

trajectories in kx-ky-space of the excited slice.  The most common method will be 

described first.  As shown in Fig. 1.1, data can be collected on a Cartesian grid by turning 

on the GY gradient for a short period of time, applying a 180° RF refocusing pulse, and 

18



Fig. 1.1  Gradient waveforms and k-space trajectory for Cartesian spin-echo sequence.  
The 90° RF pulse occurs with a slice select gradient on Gz.  A phase encode gradient 
is then played out on Gy.  The 180° RF pulse also occurs with the same slice select 
gradient on Gz and flips the trajectory about the origin.  A pre-readout gradient is 
applied on Gx which moves the trajectory out in k-space.  A single line of data is then 
collected using the frequency encode gradient on Gx. The solid line in the k-space 
diagram represents what is collected during one excitation, where the dashed lines 
indicate data collected in subsequent excitations.
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34 5

90° 180°
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collecting data during a constant Gx gradient.  This acquires Fourier data along a single 

line in k-space centered about the spin-echo. This process is then repeated with 

systematic decreases in the amplitude of Gy to collect other lines of Fourier data.  After a 

sufficient amount of k-space has been covered, an image can be reconstructed using a 

discrete inverse Fourier transform.  Further discussion of image reconstruction will be 

covered in a following section.  In single-shot echo planar imaging (SSEPI), a similar 

Cartesian trajectory is covered, but all during one acquisition.  That is, data are collected 

following a single excitation as shown in Fig. 1.2.  This type of acquisition strategy 

greatly increases imaging speed but has inherent limitations in the amount of data that 

can be collected per dataset because of T2
* decay and gradient limitations.   

 Another method that is commonly implemented to increase imaging speed is 

called Fast Spin-Echo (FSE), or RARE, acquisition (Hennig et al., 1986).  This technique 

provides an alternative way to collect multiple lines of data in a single excitation 

compared to “single-shot” methods like SSEPI.  FSE data acquisition employs a train of 

180° RF pulses to collect multiple lines of data during one excitation.  The number of 

180° RF pulses in a train, or echo train length (ETL), is inversely proportional to total 

imaging time.   

 It is not necessary to collect Fourier data on a Cartesian grid.  For example, data 

can also be collected on a polar grid in k-space.  As shown in Fig. 1.3, radial lines of 

Fourier data can be collected by applying GX and GY simultaneously during data 

collection, such that GX = G cosθ and GY = G sinθ, where θ is the projection angle.  MR 

measurements are made that correspond to projections of MT(x,y,z) at different angles.  

20



Fig. 1.2  Gradient waveforms and k-space trajectory for SSEPI spin-echo sequence.  
The 90° RF pulse occurs with a slice select gradient on Gz.  A phase encode gradient 
is then played out on Gy.  The 180° RF pulse also occurs with the same slice select 
gradient on Gz and flips the trajectory to the opposite ky-axis.  All the lines of data are 
collected using frequency encode gradients  on Gx and small phase encode gradient on 
Gy.  The solid lines in the k-space diagram represents what is collected during one 
excitation.
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Fig. 1.3  Gradient waveforms and k-space trajectory for radial-SE sequence.  The 90° 
RF pulse occurs with a slice select gradient on Gz.  The 180° RF pulse also occurs 
with the same slice select gradient on Gz. Pre-readout gradients are applied on both Gy
and Gx which moves the trajectory out in k-space.  A single radial line of data is then 
collected using the frequency encode gradients on both Gy and Gx.  The trajectory is 
then brought back to the center of k-space with post-readout gradients on both Gy and 
Gx.

ky

kx
1,2,5

3

4

90° 180°

1 2 3 4 5

ACQ

22



 

Recall that the resonance frequency of a spin is directly dependent on the strength of the 

magnetic field it feels.  For instance, when the GX gradient is applied, every spin at a 

particular position along the x-axis has the same resonance frequency (see EQ 7) 

regardless of its position along the y-axis.  If a radial line is collected along the kx-axis, θ 

= 0°, its inverse Fourier transform corresponds to line integrals along the y-axis, as 

diagramed in Fig. 1.4.   The height of each frequency bin in the Fourier spectrum of the 

FID time signal equals the value of the projection at the appropriate x-position 

(Nishimura, 1996).  Data collection in the presence of a gradient is called “frequency 

encoding”.  In radial MRI, data collection occurs in the presence of some amount of GX 

and GY gradients, so all data is frequency encode data.   

 The spacing of the data points in k-space, Δkn, and the maximum extent of k-

space measured, kmax, determine the field of view (FOV) and spatial resolution in a 

reconstructed, image respectively.  Specifically, the FOV and data point spacing have an 

inverse relationship given by the equation 

  FOVn =
1

Δkn
     (10) 

The FOV also has a relationship to the spatial resolution in an image, Δx, Δy, or Δz.  For 

example, 

  Δx =
FOVx

N
 (11) 

where N is the total number of data points along the kx-axis.  If the FOVx= 26 cm and N = 

256 then Δx ≈ 1 mm.  Half the number of data points multiplied by their spacing in k 
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Fig. 1.4  Diagram illustrating that a projection contains line integrals of the object at 
the specified angle, θn=0°.  A radial line of data at the specified angle in k-space is 
simply the 1D Fourier Transform of an object’s projection at the same angle.
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yields the kmax measured during data collection. Clearly, this parameter has a direct 

relationship to the spatial resolution in the reconstructed image, and is given by the 

following equation (Nishimura, 1996). 

  Δx ≈
1

2kmax
 (12)  

Since spatial frequency increases moving away from the center of k-space, small objects 

which are mostly made up of high spatial frequencies, will have a greater percentage of 

energy located away from the central portion of k-space compared to large objects.  

 

Image Reconstruction 

 Once raw MR data has been collected, an image reconstruction algorithm must be 

used to create an image.  For k-space data that were collected on a Cartesian grid, a 

simple 2D Inverse Fourier Transform (FT-1) can be used for image reconstruction.  This 

algorithm consists of a 1D FT-1 of each frequency encoded line of data, followed by 

multiple 1D FT-1 in the perpendicular direction (Nishimura, 1996).  The FT maps the raw 

MR data spatial frequency information into an image of the object.   

 For radial k-space data, a direct 2D FT cannot be performed because the data do 

not lie on a Cartesian grid.  A common method for radial data reconstruction is Filtered 

Back Projection (FBP), which is an algorithm similar to x-ray computed tomography 

image reconstruction (Herman, 1980).  In this technique, a radial line of data, s(k,θ), is 

first multiplied by a |k| filter to compensate for the sampling density.  Next, a 1D FT-1 is 

performed on each line of data, which yields “filtered projections” of the object at a set of 
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angles.  These projections can then be back projected onto a Cartesian grid for viewing.  

The equation for the FBP algorithm is given by 

  I x,y( )= k s k,θ( )ei 2πk x cosθ +y sinθ( )dθdk∫∫ , (13) 

where k is the signed radial position from the origin (Haacke et al., 1999). 

 Another reconstruction method called “regridding” is a general technique that 

employs interpolation of non-Cartesian data onto a Cartesian grid.  In this technique, data 

points are weighted according to their sampling density, convolved with a defined kernel, 

and re-sampled onto a standard Cartesian grid (Jackson, 1991).  The typical 2D FT-1 

algorithm can then be applied to produce the MR image.  

 The intensity in an image contains information about the proton density and the 

relative T1 and T2* relaxation rates of the tissues.  The specific amount that each 

contributes to the intensity depends on the time between each RF excitation pulse, TR 

(time to repetition), and the time from excitation until the data point at the origin of k-

space is collected, TE (time to echo).  When a 90° RF excitation pulse is used, all of M0 

is in the transverse plane and therefore Mz(0) = 0 and MT(0) = M0, which produces the 

following signal equation 

  ( ) ( ) ( ) ( )( )yxTTRyxTTE eeyxyxI ,/,*/ 12 1,, −− −= ρ   . (14) 

T1, T2
*, and ρ are unique to each tissue type and are the source of contrast in an image. 

  

Diffusion-weighted MRI  
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 In addition to collecting data that are dependent on the intrinsic parameters ρ, T1, 

and T2, one can manipulate the MR signal to be dependent on other physical properties.  

One application that has become a useful tool is diffusion-weighted magnetic resonance 

imaging (DWI), where image intensity is made sensitive to the motion of water.  

 To understand the effect of diffusion on an ensemble of spins, we must consider 

the phase of the magnetization in the transverse plane in the rotating reference frame and 

its behavior with an applied magnetic field gradient.  A gradient pulse encodes the spins 

with a characteristic phase dependent on spatial position along the gradient direction, as 

depicted in Fig.1.5.  The equation that describes the amount of phase, φ, imparted on each 

spin after a gradient pulse is applied, on the x-axis for example, is given by  

  φ = γ G(t') ⋅ x(t')dt
0

t
∫ '. (15) 

A second gradient of equal time and equal and opposite amplitude will remove the phase 

that was set up by the first gradient.  For static spins, where no net translational 

movement has taken place, the phase of all the spins will be brought back together, as 

depicted in Fig. 1.5.  If diffusion has occurred then some intravoxel phase dispersion will 

remain.  Assuming movement only occurs between the gradients, with amplitude GD and 

duration δ, the change in phase, Δφ, for a spin that has moved an amount Δx can be 

calculated from EQ 15 to be  

  Δφ = γδGDΔx = qΔx . (16) 
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Fig. 1.5  Before a diffusion gradient is applied, the spins within a voxel have identical 
phase. The first diffusion gradient encodes each spin with a phase dependant on its 
position.  If no motion has occurred, the second diffusion gradient, that has the same 
strength and opposite polarity, will rewind the phase of each spin.  If motion has 
occurred, then some intravoxel phase dispersion will remain and the measurable net 
magnetization, Mo, will be reduced.

No motion Random
motion
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The result is an attenuation of the signal amplitude that is due to the destructive 

interference of the spins with varying phase.  The following equation describes a general 

signal attenuation due to a distribution of phase: 

  S = S0 eiΔφ P Δx( )dΔx∫ , (17) 

where P(Δx) is the probability distribution of the ensemble of diffusing spins.  The 

Einstein relation states that for free diffusion, P(Δx) is a Gaussian (Einstein, 1926).  

Substituting in EQ 16 for Δφ and assuming free diffusion, EQ 17 is written as 

  S =
S0

2πσ Δx
2

eiqΔxe
−

Δx( )2

2σ Δx
2

dΔx∫ . (18) 

By way of the Fourier Transform, this integral solves to  

  S = S0e
−

q2σ Δx
2

2 . (19) 

σΔx
2 is the variance of the Gaussian probability function, and for free diffusion has the 

form 

   σ Δx
2 = Δx2 = 2DTdiff . (20) 

The variance of the Gaussian is a function of both the diffusion coefficient, D, and the 

total amount of time spins are allowed to diffuse, Tdiff.  Substituting EQ 20 into EQ 19 

and writing out q in its full form, the equation for signal attenuation due to diffusion is 

given by 

  S = S0e− γδGD( )2 DTdiff . (21) 
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 Stejskal and Tanner published a derivation for the effects of a time-dependent 

magnetic field gradient in the presence of spin diffusion (Stejskal and Tanner, 1965).  

The Stejskal-Tanner sequence is based on a spin-echo sequence with the addition of two 

gradient pulses of duration δ and amplitude GD that are separated by an observation, or 

diffusion, time Δ.  The total amount of time spins are allowed to diffuse, Tdiff, used in the 

previous equations is the same as Δ.  The spin-echo diffusion preparation is diagramed in 

Fig. 1.6 with a diffusion gradient applied to an arbitrary axis.  Following the 90° RF 

excitation pulse, it is assumed there is no loss of phase coherence.  The first diffusion 

gradient produces a phase shift that depends upon the position of each spin in the 

direction of the gradient.  A 180° RF pulse then inverts the phase shifts caused by the 

first gradient pulse.  The second diffusion gradient produces phase shifts equal to those 

produced by the first.  If there is no net movement, the second gradient would exactly 

undo the effect of the first gradient.  Diffusion causes the refocusing to be incomplete 

(Stejskal and Tanner, 1965).  The ratio of signals acquired with the gradients on and the 

gradients off, provides information about the average diffusion of the spins in the system.  

As seen in the provided derivation, the resultant signal attenuation is a function of the 

phase dispersion and the probability distribution. The equation for signal attenuation is 

most commonly described as  

  S = S0e−bD , (22) 

where S0 is the net magnetization that would be obtained in the absence of diffusion or a 

non-diffusion-weighted dataset when GD=0 and 
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δ

Δ
180°

GD

Fig. 1.6  The Stejskal-Tanner diffusion preperation consists of two diffusion gradients 
with the same polarity surrounding  a 180°RF refocusing pulse between them. The 
length of the gradient pulses is denoted by δ with an amplitude equal to GD.  The 
space in between them, the diffusion time, is denoted by Δ. By employing a 180°RF, 
dephasing from T2

† is reduced causing an increase in signal for data collection.
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  b = γδGD( )2 Δ −
δ
3

⎛ 
⎝ 
⎜ 

⎞ 
⎠ 
⎟ .   (23) 

If δ<<Δ then (Δ-δ/3) becomes Δ and b has the same form of the exponent in EQ 21. 

 The equations derived above are for the MR signal, S.  Intensity in an image, I, is 

generated from this signal.  Because each voxel in an image may contain multiple types 

of tissue with water in both the intra- and extra-cellular spaces, the parameter that is 

measured in a diffusion experiment is called an apparent diffusion coefficient (ADC), 

rather than the true diffusion coefficient.  The ADC can be calculated from two images, 

one with and one without diffusion weighting, by finding the slope of a natural log plot of 

I(x,y)/I0(x,y) 

  ( ) ( )
( )⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
−=

yxI
yxI

b
yxADC

,
,ln1,

0

. (24)     

Many tissues, particularly in the brain, exhibit long-range microstructural order, which 

not only restricts water motion, but also imparts anisotropy to the translational motion of 

water, i.e. a directional dependence.  This feature has been exploited in diffusion tensor 

imaging and will be discussed in detail in the next section.  In some applications, 

however, it is desirable to measure only the mean or average diffusivity, without trying to 

determine the amount of anisotropy. This is the case in DWI of acute stroke and cancer, 

where measuring changes in the average ADC of water is desired.  In these situations, 

anisotropy from organized structures can cause errors in calculations of average ADC if 

diffusion is measured in only a single direction.  To accurately measure ADCs, of water 

in anisotropic environments, a minimum of four individual DWI exams are typically 
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carried out:  one without diffusion weighting and three with diffusion weighting in 

orthogonal directions.  The three diffusion-weighted images produced can then be 

geometrically averaged to yield an image with average diffusion weighting (van Gelderen 

et al., 1994).  The intensity in the resulting average diffusion-weighted image is 

independent of tissue orientation.  The image with average diffusion weighting is 

commonly called the “trace” image, which will be further explained in the following 

section.  An ADC map can be produced by fitting the intensity of a non-diffusion-

weighted and trace image to EQ 24 on a pixel-by-pixel basis.  

 

Diffusion Tensor Imaging 

 There are instances in which it is preferred to measure the anisotropy of the ADC, 

or the preferential direction of water movement. These anisotropic measures have been 

exploited in diffusion tensor imaging (DTI) to investigate the integrity of white matter 

structures in the brain and to map out fiber track orientations.   

 The diffusion of water in three dimensions can be represented as a 3x3 matrix.  

The diffusion tensor is represented by 

  D =
Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

⎡ 

⎣ 

⎢ 
⎢ 
⎢ 

⎤ 

⎦ 

⎥ 
⎥ 
⎥ 
, 

and has been shown to be Hermitian (Basser et al., 1995).  To fill in the components of D 

one must collect at least six DWI exams with non-collinear gradient directions with equal 

b-value (Basser et al., 1994).  Since the diffusion tensor is symmetric, with these six 
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measurements all the elements of D can be determined.  A trace image has the average 

diffusion weighting, or the weighting of the trace of the diffusion tensor.  The tensor can 

be diagonalized to determine the eigenvectors (εn) and corresponding eigenvalues (λn).  

The eigenvalues are the principle diffusivities and can be rank ordered such that λ1 is the 

largest diffusivity and λ3 the smallest.  Multiple quantitative parameters can be calculated 

from the eigenvalues that act like a “histological or physiological stain” (Basser and 

Pierpaoli, 1996).  The first is the ADC, 

  ADC =
λ1 + λ2 + λ3

3
, (25) 

which is the scalar mean diffusivity.  The next two parameters are scalar measures of 

anisotropy.  Relative anisotropy (RA) is the ratio of the magnitudes of the anisotropic and 

isotropic parts of the diffusion tensor and is given by 

  RA =
(λ1 − λ )2 + (λ2 − λ )2 + (λ3 − λ )2

λ1 + λ2 + λ3
, (26) 

with values ranging from RA=0 for completely isotropic diffusion to RA=√2 for 

anisotropic diffusion along a line.  Fractional anisotropy (FA) measures the fraction of 

the “magnitude” of D that can be ascribed to anisotropic diffusion.  It is given by 

  FA =
3(λ1 − λ )2 + (λ2 − λ )2 + (λ3 − λ )2

2(λ1
2 + λ2

2 + λ3
2 )

 (27) 

and has values ranging from FA=0 for completely isotropic diffusion to FA = 1 for 

anisotropic diffusion along a line.   
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 In addition, the physical direction of the preferred motion of water in the 

laboratory frame can also be elucidated directly from the eigenvectors.  This can be 

displayed in color-coded maps or used to map out fiber tracts in the brain, like the corpus 

callosum, to study the connectivity of different brain regions (Pajevic and Pierpaoli, 

1999).  There are many potential applications for DWI and its offspring, DTI.  However, 

the challenge is to produce images of an acceptable signal-to-noise ratio and little 

artifacts with which properties of diffusion can be extracted.   
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II. DIFFUSION-WEIGHTED MRI:  UTILITY AND LIMITATIONS 

 Water diffusivity in the presence of permeable membranes, as is the case within 

living tissue, is of fundamental biological importance.  DWI is used to investigate the 

translational motion of water within the human body, which is sensitive to the cellular 

architecture and integrity of the tissue.  Because DWI measurements can be repeated over 

a wide range of time-scales, seconds to years, this type of imaging is quite versatile and 

powerful.    Due to the non-invasive nature of MRI and the fundamental dependence of 

the diffusion of water in biological systems under a diversity of conditions, DWI has a 

great potential for application in many fields. 

 

Applications of Diffusion-weighted MRI 

 It has been found that the diffusion properties of water will change for various 

disease states like tumors, liver cirrhosis, breast pathologies, as well as in numerous 

neurological conditions like Alzheimer’s disease, and epilepsy (Alsop et al., 2002).  The 

changes in diffusion properties compared to healthy tissue can be used for diagnosis and 

to monitor therapies.  By measuring the ADC in metastatic lesions, the response to 

chemotherapy can be determined after 4 or 11 days from the commencement of treatment 

(Theilmann et al., 2004a).   

 The most utilized clinical application of DWI is in stroke imaging (Moseley et al., 

1990a; Moseley et al., 1990b).  Briefly, the relationship between diffusion and stroke can 

be explained as follows.  When the blood supply is cut off from a tissue, due to a blood 

clot or hemorrhage, the tissue becomes ischemic.  The first thing affected is a cell’s 
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ability to make and thus use ATP, the fuel molecule of the cell.  Without ATP available, 

all energetic processes cease, including the activity of the Na-/K+ pump.  This causes a 

breakdown of the ion gradient and the cell loses its membrane potential.  In addition, 

water molecules follow the ions into the cell and cells become swollen.  At the same 

time, some neurons undergo apoptosis and thus cell shrinkage (Choi, 2000).  The 

combined results of these effects is a change in the ratio of extracellular to intracellular 

volume from 25/75 to 6/94 (Liu et al., 2001).  The time course of these cellular changes 

can be measured immediately with DWI and with T2-weighted MRI after 6 hours 

(Fiebach et al., 2002; Warach et al., 1995).  In the acute phase, minutes to three days after 

a stroke, ADC steadily decreases in the ischemic tissue.  ADC then increases from the 

fourth day up to the point of pseudo-normalization on day nine.  In the chronic stroke 

stage, ADC continues to increase. The T2 of ischemic tissue is normal up to 6 hours and 

then begins to steadily increase; T2 stays elevated in the chronic stage (Warach et al., 

1995; Welch et al., 1995). 

 The preferential direction of water movement measured by DTI is also affected by 

various disease states. Specifically, in some neuropathologies the white matter may 

become demyelinated or bundles of fibers may become less dense due to 

neurodegeneration; both of these mechanisms will reduce anisotropy in the tissue.  These 

changes in anisotropy are being exploited to diagnose and/or determine the progression of 

a neurological disease (Bammer and Fazekas, 2002; Toosy et al., 2003; Trouard et al., 

2005).  In addition, DTI is being used in developmental biology to track the degree of 

myelination in a maturing brain (Li and Noseworthy, 2002). 
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Effects of motion in Diffusion-weighted MRI 

 Image degradation caused by object or patient motion is an ever-present problem 

in MRI.  In DWI problems caused by motion are amplified due to the presence of the 

additional diffusion gradient pulses.  The microscopic movement of an ensemble of water 

molecules is the desired measurement in DWI.  When an object that contains these 

molecules of interest moves, the effects of this large-scale bulk motion completely 

dominate the change in phase.  A living body has inherent physiological motion 

occurring continually, e.g. breathing, pulsing blood flow, peristalsis, etc.  When diffusion 

weighting is added to a traditional FSE sequence, which requires multiple excitations, the 

physiological motion that occurs will cause extreme artifacts in the image rendering it 

unusable.  The effects of motion corruption in DWI collected with FSE are shown in Fig. 

2.1b.    

 Translational rigid body motion that occurs during a DWI will result in a constant 

phase error on individual lines of data.  Rotational rigid body motion that occurs during a 

DWI will result in shifts of Fourier space, primarily orthogonal to the direction of the 

applied diffusion gradients.  Non-rigid body motion, expansions or contractions of the 

object or sections of the object moving by itself, cause the object being imaged to change 

during data collection and result in inconsistent datasets (Trouard et al., 1996).  

Correction techniques have been developed that work well for rigid body translation, but 

typically not for other types of motion.  One type of correction scheme requires a 

navigator echo that goes through the center of k-space to be collected during each 
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Fig. 2.1  An axial slice from a healthy volunteer collected with A) a T1-weighted FSE 
sequence, B) a diffusion-weighted FSE sequence, C) a diffusion-weighted SSEPI 
sequence, and D) a diffusion-weighted radial-FSE sequence.  Note the severe artifacts 
in the DWI collected with FSE, B).  In C) the arrow points to a typical signal drop 
out/pile up artifact seen in SSEPI images from magnetic field inhomogeneities at air 
tissue interfaces.  The DWI in D), collected with radial-FSE, clearly does not contain 
motion artifacts seen in B), does not contain the signal drop out/pile up artifact in C), 
and also has higher-spatial resolution than C).
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excitation.  The errors due to motion can be calculated by comparing the extra 

“navigator” data for each line and used to correct the data (Butts et al., 1996; Butts et al., 

1997; Mori and Vanzijl, 1998; Ordidge et al., 1994; Williams et al., 1999).  

 

Diffusion-weighted Single-shot Echo Planar Imaging 

 A solution to the errors caused by rigid body motion is to use a single-shot 

imaging sequence, like SSEPI, which collects all the data during one excitation and 

allows consistency in the data despite motion (Turner and LeBihan, 1990).  An example 

DWI collected with SSEPI is shown in Fig. 2.1c.  There are some intrinsic limitations to 

data collection with SSEPI.  Because data collection occurs during lengthy readout 

periods, the image contains T2*-weighting and magnetic field inhomogeneity artifacts 

around air/tissue interfaces or blood products, as shown in Fig. 2.2a.  This hinders 

imaging of the inferior temporal and anterior frontal lobes.  

 Another drawback of SSEPI is the distortion or warping that is present in the 

reconstructed images and shown in Fig. 2.2b.  SSEPI employs rapidly changing gradients 

whose timing is not exact and whose amplitude may vary.  This results in a distorted k-

space trajectory and a warped reconstructed image.  This effect prevents SSEPI datasets 

from being accurately mapped directly onto anatomical, T1-weighted, images for data 

analysis. 

  Another limitation is low spatial resolution.  All the data in an SSEPI sequence 

are collected in a single excitation.  During data acquisition the signal experiences T2*-
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a) b)

Fig. 2.2  a) Typical signal drop out/pile up artifact seen in the Temporal lobes of 
datasets collected with SSEPI.  These artifacts reduce the ability to take diffusion 
measurements in Temporal lobe structures.  The image is a coronal slice from a 
healthy volunteer. b)  Typical warping artifact seen in the Frontal lobes of datasets 
collected with a distorted k-space trajectory from SSEPI. The image is an axial slice 
from a patient with a tumor resection.
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decay and quickly reaches the level of noise, which limits the total number of data points 

that can be acquired and therefore image resolution.  

 

Multi-shot Diffusion-weighted Imaging 

 There are several multi-shot DWI sequences that have been developed to improve 

spatial resolution compared to that of SSEPI.  As alluded to earlier in this chapter, the 

difficulty associated with multi-shot data acquisition in DWI is that there is inherent 

motion in the body that can be different in each excitation.  This will produce phase 

errors in the dataset that may vary for each acquisition.  When the full dataset is 

reconstructed, the phase differences produce severe artifacts in the image.  However, 

there are several techniques that have been able to compensate for the errors and take 

advantage of the high-resolution available in multi-shot imaging. 

 One technique, PROPELLER, acquires blades of data on a Cartesian grid that is 

rotated for each subsequent excitation (Pipe et al., 2002).  This acquisition is “self-

navigated” which allows for phase correction during post-processing of the data.  

Another multi-shot DWI acquisition scheme is that of line-scan imaging (Chenevert et 

al., 1990; Gudbjartsson et al., 1996).  In this approach, data are collected for a column of 

spins in one dimension only, completely getting rid of the difficulties associated with 

motion errors in the phase-encode direction.  By collecting a set of parallel one 

dimensional lines, a 2D DWI can be produced that is mostly free of artifacts 

(Gudbjartsson et al., 1996). 
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Research Goal:  High-resolution DWMRI 

 To obtain high spatial resolution diffusion-weighted images, the diffusion-

weighted radial acquisition of data with fast spin-echo (DIFRAD-FSE) technique was 

previously developed by Trouard et al. (Trouard et al., 1999).  As discussed in the 

preceding section, by collecting data during multiple excitations a higher spatial 

resolution can be achieved.  Implementing an FSE scheme for data collection increases 

imaging speed and greatly reduces sensitivity to magnetic field inhomogeneities because 

the data contains little decay due to T2
†.  By collecting radial lines of data and employing 

a magnitude FBP reconstruction, large phase errors and Fourier data shifts that occur due 

to motion can be removed (Gmitro and Alexander, 1993; Jung and Cho, 1991).  Fig. 2.3 

shows a flow chart for image reconstruction using magnitude FBP.  Compared to typical 

FBP, an extra step is performed to take the magnitude of the projections before the 

filtering and back projection processes.  In addition, Fig. 2.3 shows that there are two 

options for the filtering step.  One can multiply the data in Fourier space by a |k| filter, as 

described in Chapter 1 and diagramed in the left most path of Fig. 2.3, or one can 

convolve the projections with the FT-1(|k|), as shown in the right most path of Fig. 2.3.  

The residual artifacts in DIFRAD-FSE images manifest as radial blurring or streaking 

originating from the moving object.  This is in contrast to Cartesian MR, where motion 

artifacts lie in the phase encode direction with intensity displaced from the original site of 

the motion.  Motion errors have their intensity spread out in two dimensions in DIFRAD-

FSE and are frequently less objectionable.  These advantages in radial data collection 

have proven very useful for imaging the chest, an area of high susceptibility and motion 
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Fig. 2.3  Flow chart for Magnitude FBP.  Either of the two paths can be used to 
achieve the magnitude of filtered projections for image reconstruction.  Before 
filtering, the magnitude is taken of the projections to remove phase errors.  The left 
most path does the filtering step via multiplication in k-space.  The right most path 
filters the projections via convolution in image space.  Filtered data is denoted by †.
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(Glover and Pauly, 1992).  As can be seen in Figure 2.1d, DIFRAD-FSE with magnitude 

FBP reconstruction produces images of higher-resolution than SSEPI with less sensitivity 

to magnetic field inhomogeneity and motion.  Despite all the advantages of DIFRAD-

FSE there are drawbacks; scan times are longer than single-shot methods and the high-

resolution is limited to the in-plane dimensions. 

 The first goal of this research was to increase the imaging speed of diffusion-

weighted radial-FSE acquisitions for production of high-resolution ADC maps.  The 

second goal was to develop a technique for high-resolution DWI in three dimensions 

(3D) without sensitivity to magnetic field inhomogeneity and/or motion while 

maintaining a good signal-to-noise ratio (SNR).  As described in Chapter 1, a trace image 

has diffusion weighting from the geometric mean of diffusion datasets with weighting in 

3 orthogonal directions.  To produce an ADC map, a non-diffusion-weighted dataset must 

also be taken for a total of four datasets.  However, if isotropic weighting can be 

accomplished in a single dataset then the total scan time needed for an ADC exam can be 

cut in half.  This is the motivation for developing an isotropic diffusion-weighted radial-

FSE acquisition.  In this method the direction of diffusion is changed within a single scan 

and takes advantage of the fact that all radial lines pass through the center of k-space and 

contribute more or less equally to the image.  The method produces isotropic diffusion-

weighted datasets in a single scan.  

 To accomplish the second goal the DIFRAD-FSE technique was expanded to 3D 

MRI.  DIFRAD-FSE has been shown to produce high-resolution diffusion-weighted 

images without sensitivity to magnetic field inhomogeneities and/or motion.  There is 
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theoretically no reason that these same factors can’t be exploited in 3D MRI.  A high 

SNR can be achieved with small isotropic voxels using 3D MRI methods (Haacke et al., 

1999).  Recall that the resolution in radial MRI is determined by the number of data 

points along the radial line, and is applicable to all dimensions.  By using 3D radial data 

acquisition methods, images with high-resolution in all three dimensions and isotropic 

voxels can be produced with a varying number of radial lines (Du et al., 2004). 

Combining these techniques to develop a 3D diffusion-weighted radial-FSE pulse 

sequence provides a means of producing whole brain images that contain high-resolution 

isotropic voxels with good SNR and little sensitivity to magnetic field inhomogeneities 

and/or motion.  
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III. ISOTROPIC DIFFUSION WEIGHTING 

 Diffusion-weighted MRI has become a powerful tool for investigating the 

translational motion of water within the human body. Because this motion is sensitive to 

the cellular architecture and integrity of tissue, DWI has been used to investigate a 

number of diseases as cited in Chapter 2. Many tissues, particularly in the brain, exhibit 

long-range structural order, which imparts anisotropy to the translational motion of water. 

This feature has been exploited in DTI to investigate the integrity of white matter 

structures in the brain and to map out fiber orientations (Pierpaoli and Basser, 1996). In 

some applications, however, it is desirable to measure only the mean or average 

diffusivity, without the effects of anisotropy. This is the case in DWI of acute stroke, 

where a change in the ADC of water is indicative of ischemia. In such situations, 

anisotropy from organized structures can cause errors in calculations of ADC if diffusion 

is measured in only a single direction. As stated in Chapter 1, a minimum of four 

individual DWI datasets must be collected to accurately measure ADC. The three 

datasets with diffusion weighting in orthogonal directions can be geometrically averaged 

to produce a trace image, which has isotropic diffusion weighting.  Other schemes for 

imparting isotropic diffusion weighting in individual DWI scans have been proposed 

(Wong et al., 1995). In this chapter a novel method is demonstrated that takes advantage 

of unique features of radial MRI data acquisition to achieve this purpose. 

Recall that in radial MRI, Fourier data are collected along radial lines that all pass 

through the center of Fourier space. Each line, therefore, contributes more or less equally 

to the overall contrast in the final reconstructed image (Rasche et al., 1994). If individual 
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radial lines, or views, have different weighting, then images reconstructed from such data 

will have contrast determined by the weighted average signal intensity. In radial-FSE and 

radial gradient and spin-echo (radial-GRASE), for example, individual radial lines are 

collected at different TE times for each spin echo or gradient echo and therefore have 

different T2 and/or T2* weighting (Feinberg and Oshio, 1991; Gmitro et al., 2005). 

While this variation can introduce artifacts in reconstructed images, it can also be 

exploited to produce multiple images with variable contrast from single radial datasets 

(Altbach et al., 2002; Song and Dougherty, 2000). In a diffusion-weighted radial-FSE 

sequence, this feature can be exploited to achieve effectively isotropic diffusion 

weighting within a single radial k-space dataset, thereby increasing the imaging speed of 

multi-shot diffusion-weighted radial MRI (Sarlls et al., 2005).  

 

Development in 2D Radial-FSE 

 Pulse sequence development in MRI often involves the adaptation of a 

commercial product sequence available for a particular scanner platform to the new 

sequence.  General Electric (GE) Signa LX and Excite scanners with 1.5 and 3 Tesla field 

strengths at multiple software levels were used during this research.  GE pulse sequences 

were written in a proprietary programming language based on C, called EPIC 

(Environment Programming in C).  The isotropic diffusion-weighted radial-FSE pulse 

sequence was developed from the commercial GE FSE sequence. 

 As described in Chapter 2, previous work has demonstrated a diffusion-weighted 

radial-FSE sequence for obtaining diffusion-weighted images with high spatial resolution 
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and without significant artifacts due to motion and/or susceptibility (Trouard et al., 1999). 

In this method, diffusion weighting is achieved in a preparation period where diffusion 

gradients are typically turned on in a constant direction while acquiring a full radial 

dataset. This multi-shot method can yield higher spatial resolution than conventional 

single-shot techniques; however, it requires more imaging time. In this section, a 

diffusion-weighted radial-FSE method for producing isotropic diffusion-weighted images 

from a single radial k-space dataset by altering the direction of diffusion weighting 

gradients between TR periods is demonstrated. By selecting the appropriate diffusion 

weighting directions and view ordering, images can be generated for a single dataset that 

have effectively isotropic diffusion weighting without significant artifacts due to T2 

decay, motion, and/or diffusion anisotropy. 

 An eddy-current compensated diffusion-weighted radial-FSE sequence is shown 

in Fig. 3.1. The preparation period consists of chemical shift selective, CHESS, 

presaturation of off-resonance fat, followed by a dual spin-echo (TE1) in which eddy-

current compensated diffusion gradients are played out (Reese et al., 2003). We have 

found that this preparation works well for reducing artifacts due to eddy-currents without 

sacrificing significant signal from the small increase in TE1 (~5ms) needed to 

accommodate the second 180° RF pulse. Alternatively, simple Stejskal–Tanner diffusion 

weighting can be incorporated within a single spin-echo preparation. Following this 

preparation, multiple views of Fourier data are acquired within a single TR period using a 

train of 180° RF refocusing pulses with an echo spacing of TE2. Within each data 

acquisition period, a full radial line is acquired by moving out to the end of a half radial 
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Fig. 3.1  Diagram of the 2D isotropic diffusion-weighted radial-FSE pulse sequence.  
Fat-saturation occurs with a chemical shift selective 90° RF pulse followed by a 
dephasing gradient on Gy.  An eddy-current compensated diffusion preparation period 
occurs during TE1.  Diffusion-weighting is shown in the XYZ direction.  TE2 is the 
echo spacing for data collection.  Frequency encode, or readout, gradients are applied 
on Gz and Gy simultaneously. The collection of four radial lines is shown. 
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line, collecting data while scanning back along a full radial line to the opposite side of k-

space, and returning to the origin. The view ordering within the sequence is completely 

flexible for this trajectory and is chosen to minimize the effects of T2 decay and motion 

artifacts (Theilmann et al., 2004b). In general, the full 2π radians of Fourier space should 

be coarsely sampled within each echo train, while differences in TE times for adjacent 

views should be maximized. Artifacts due to motion are minimized by distributing 

motion errors about the full 2π radians of Fourier space instead of restricting them to 

sequential angular sections. This view ordering also reduces artifacts due to T2 decay by 

spreading signal decay azimuthally with high variation. The general expression for 

determining view angles i,j, within an optimal view ordering can be written  

  θi , j = i ⋅ Δθecho + mi ⋅ Δθ( )+ j ⋅ ETL ⋅ Δθ[ modulo(] π ) , (28)  

where i is the echo index, j is the echo train index, echo train length (ETL) is the number 

of radial lines acquired each excitation, Δθecho = π/ETL, and the angular separation 

between consecutive radial lines, Δθ = π/N.  N is the total number of views collected. The 

i · Δθecho term forces the full 2π radians of Fourier space to be coarsely sampled every TR 

period.  Expressing the echo index in its binary form and then performing a bit-reversal 

operation, the bit-reversal index, mi, can be calculated.  The mi · Δθ term is responsible 

for mixing the TE times for adjacent views.  

In isotropic diffusion-weighted radial-FSE, the diffusion weighting direction is 

varied during the acquisition of a full radial k-space dataset such that images 

reconstructed from the data have effectively isotropic weighting. One practical approach 

steps through the set of directions [1,1,1], [-1,1,1], [1,-1,1], [-1,-1,1] (indicating full 
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positive or negative gradient strength along the [X, Y, Z] axes) during the scan. By using 

full strength gradients on each of the three gradient coils simultaneously, a desired 

diffusion weighting (b-value) can be obtained in the shortest amount of time (shortest 

TE).  When arithmetically summed, this variation yields effectively isotropic weighting. 

To reduce artifacts that could arise from anisotropic diffusion, adjacent views must be 

collected with different diffusion directions. Therefore, to reduce artifacts due to motion, 

T2 decay, and diffusion anisotropy, view ordering must be carried out that (1) spreads 

radial lines acquired within a given TR period about the full 2π radians of Fourier space, 

(2) maintains a high frequency variation of TE with view angle, (3) maintains a high 

frequency variation of diffusion weighting direction with view angle, and (4) does not 

correlate diffusion direction with TE. The first attempt at satisfying these conditions was 

to use the view ordering described previously by Theilmann et al (Theilmann et al., 

2004b). and to simply alter the direction of diffusion every TR period.  As seen in Fig. 

3.2a, this produces a distribution that has large gaps of sampling in view number for each 

diffusion direction.  When collecting 256 total views, the maximum gap in sampling is13 

views wide. The next attempt was to use the same view ordering but turn on diffusion 

weighting in each of the four directions for one-fourth the total TR periods consecutively.  

This strategy of data acquisition satisfies conditions 1, 2, and 3; however, condition 4 was 

not satisfied.  As seen in Fig. 3.2b, TE is grouped in view number for each diffusion 

direction.  To satisfy condition 4, one more step had to be added to the view order 

calculation. After calculating the array of view angles, θi,j, the views within a TR period 
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Fig. 3.2  Echo number versus view number for the initial implementations of isotropic 
diffuion-weighted radial-FSE with 256 views, and ETL=4. Only example plots from 
one diffusion direction are shown.  When the diffusion direction is altered every TR, 
a), with the original bit-rev view ordering, large gaps in view number occur as seen 
between echo 3 of the first four views and echo 0 of the next four views.  When the 
diffusion direction is held constant for a quarter of the total TR periods and the 
original bit-rev view ordering is used, b), there is an even sampling of view number, 
but views are grouped in TE.
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Fig. 3.3  View orientation for the first two TR periods of isotropic diffusion-weighted 
radial-FSE for a 256 view, ETL=4 exam. The view labels are (echo train number, 
echo number).
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Fig. 3.4  Echo number versus view number for each of the four diffusion directions 
implelmented in a 256 view, ETL=4 isotropic diffuion-weighted radial-FSE exam.  
The diffusion weighting direction is given in each panel.  Note the high frequency 
variation of both the echo position and the diffusion direction with view angle.
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undergo a circular left shift with respect to the echo index i. The view angles used in data 

acquisition θ’i,j,  are then defined by 

 θ'i , j = θCSL i, jmodulo(ETL)( , j)  (29) 

where CSL(i,j) defines a circular shift to the left of index i by an amount j. This view 

ordering results in the relationships described graphically in Figs. 3.3 and 3.4. In Fig. 3.3, 

the views obtained in the first two TR periods of a 256 view, ETL = 4 acquisition are 

shown. Within each TR period, the entire range of view angles is coarsely sampled. The 

relationship among TE, diffusion weighting direction, and view angle is shown in Fig. 

3.4. As can be seen, there is a high frequency variation of both TE and diffusion 

weighting direction with view angle and each diffusion weighting direction is collected at 

roughly an equal number of echo positions.  

 

Analysis in 2D Radial-FSE 

Diffusion-weighted images from the brain of healthy volunteers were obtained 

using the conventional and isotropic diffusion-weighted radial-FSE methods. 

Representative images are shown in Fig. 3.5. Images collected with constant diffusion 

weighting in four individual directions within four individual exams are shown in Fig. 

3.5a–d. The variation in signal intensity of white matter structures in the individual 

images indicates the anisotropic nature of the tissue. A trace image obtained from the 

geometric mean of these four images is shown in Fig. 3.5e and represents true isotropic 

diffusion weighting. An image of the same slice obtained with isotropic diffusion 

weighting in a single k-space dataset is shown in Fig. 3.5f. Four identical isotropic scans 

56



a) b)

c) d)

e)

f)

Fig. 3.5  Diffusion-weighted radial-FSE images of a normal volunteer at 1.5T.  
Imaging parameters for all images: b=1000 s/mm2, TE1=70ms,  TR=1500ms, ETL=4, 
FOV=26x26 cm2.  Images obtained with diffusion weightin in the XYZ, -XYZ, X-YZ, 
and -X-YZ directions are shown in a), b), c), and d), respectively.  A trace image 
produced from the geometric mean of these images is shown in e). An isotropic 
diffusion-weighted radial-FSE image is shown in f).  This image was produced from 
the average of four identical exams so that signal to noise is comparable to that in e).

57



Fig. 3.6  The mean signal intensity for identical ROIs in the left splenium of the 
corpus callosum from images in Fig. 3.4; the black bar indicates the noise level in 
each image.
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were averaged to obtain an equivalent SNR for comparison to the trace image. The trace 

and isotropic diffusion-weighted radial-FSE images are qualitatively similar, indicating 

an effective averaging of anisotropic structures within the isotropic diffusion-weighted 

radial-FSE exam. The mean signal intensity from a region of interest (ROI) in the left 

splenium of the corpus callosum from each of the images in Fig. 3.5 is plotted in Fig. 3.6. 

While the signal intensity in any of the four images collected varies significantly, the 

trace image and isotropic image have comparable mean signal intensity: 245.1 (± 23.9) 

and 250.8 (± 18.8) in the trace and isotropic images, respectively. Other anisotropic 

structures in the brain exhibit similar properties.  

Conventional and isotropic diffusion-weighted radial-FSE was also carried out in 

patients undergoing DWI for acute stroke. Diffusion-weighted images of a stroke patient 

obtained using conventional and isotropic diffusion-weighted radial-FSE methods are 

shown in Fig. 3.7. Images obtained with constant diffusion weighting in four individual 

directions in four individual exams are shown in Fig. 3.7a–d. Figure 3.7e is the trace 

image produced from the geometric mean of these four images. The corresponding 

isotropic diffusion-weighted radial-FSE image is shown in Fig. 3.7f; this is from a single 

dataset (no signal averaging).  It has approximately half the SNR of Fig. 3.7e, but 

required one-quarter of the time to acquire. The region of stroke can be clearly seen in 

both images without confounding hyperintensity from normal anisotropic white matter. 

The tissue affected by the stroke appears bright due to the reduced ADC associated with 

acute ischemia. The values of ADC in the region of the stroke obtained from ADC maps 

produced from the trace and isotropic images are 0.82 × 10-3 and 0.89 × 10-3 mm2/s, 
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a) b)

c) d)

e)

f)

Fig. 3.7  Diffusion-weighted radial-FSE images of a stroke patient acquired at 1.5T.  
Imaging parameters for all images; b=1000s/mm2, TE1=70ms, TR=1000ms, ETL=4, 
FOV=26x26cm2. Images obtained with diffusion weightin in the XYZ, -XYZ, X-YZ, 
and -X-YZ directions are shown in a), b), c), and d), respectively.  A trace image 
produced from the geometric mean of these images in shown in e). The 
corresponding isotropic diffusion-weighted radial-FSE image is shown in f) . 
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respectively. This can be compared to the ADC in normal white mater (1.28 × 10-3 and 

1.31 × 10-3 mm2/s for the trace and isotropic exams, respectively), indicating a drop in 

ADC of approximately 34%, consistent with acute stroke. The isotropic radial-FSE 

method not only yields qualitatively equivalent images as the conventional method, but 

also quantitatively produces similar values of ADC, regardless of the lower SNR.  

A unique feature of all radial MRI methodologies is that the center of Fourier 

space is sampled by each radial line acquired. The previous images demonstrated that this 

enables high-resolution isotropic diffusion-weighted images to be obtained from a single 

radial k-space dataset. While isotropic diffusion-weighted radial-FSE produces images 

that have effectively isotropic diffusion weighting, they are not identical to true trace 

images produced from the average of individual datasets. When a trace image is produced 

from the geometric mean of n individual scans obtained with individual diffusion 

weighting, the resulting signal Strace has the average diffusion weighting of the individual 

scans (S1,2. . . n) and can be expressed as 

 

Strace = S1 × S2...× Sn
n

= S0e−bD1 × S0e−bD2 ...× S0e−bDnn

= S0 e−b(D1 +D2 ...Dnn = S0 e−nbDaven = S0e−bDave

 (30) 

where it is assumed that k appropriate diffusion directions were selected such that  

 Dave =
1
n

Dk
k=1

n
∑   . (31) 

The FBP process used in reconstruction of radial datasets, however, is a linear operation 

and results in an arithmetic averaging of the signal obtained from the set of diffusion 
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directions chosen. Additionally, there is an individual point-spread function (PSF) 

associated with the angular undersampling of each diffusion direction. The signal in an 

isotropic diffusion-weighted radial-FSE image, Siso, can be written as 

 

Siso =
S1 + S2....Sn

n

=
S0e−bD1 ∗ psf1 + S0e−bD2 ∗ psf2...+ S0e−bDn ∗ psfn

n

=
S0
n

e−bD1 ∗ psf1 + e−bD2 ∗ psf2...+ e−bDn ∗ psfn( )

. (32) 

If diffusion in the tissue is isotropic and the dataset has sufficient angular sampling, then 

D1 = D2 = Dn = Dave and psf1 + psf2... + psfn = δ (delta function), leaving 

 Siso =
S0
n

ne−bDave( )= S0e−bDave . (33) 

If the tissue is anisotropic, however, the true average diffusion-weighted signal will be 

multiplied by a small factor, which is positive (assuming the psf corresponding to each 

diffusion direction contains only positive components).  This factor makes the signal in 

the isotropic diffusion-weighted radial-FSE image slightly higher than that of the trace 

image. This relationship is shown graphically in Fig. 3.8. Calculated signal intensity from 

three diffusion-weighted datasets, with a b-value =1000 s/mm2, using arithmetic (dashed 

line) and geometric (solid line) averaging, are plotted versus fractional anisotropy (FA). 

It’s important to note that the psf was assumed to be similar for each diffusion direction 

in this calculation.  The mean diffusivity was chosen to be 1.0 x 10-3 mm2/s to represent 

white matter. The relationship between the diffusion coefficient for the three orthogonal 

directions range from equal values (FA = 0) to diffusion in only one direction (FA = 1.0). 
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Fig. 3.8  Signal intensity versus fractional anisotropy expected from three orthogonal 
diffusion-weighted datasets using arithmetic (black dashed line) or geometric (black 
solid line) averaging.  The data were produced assuming b=1000 s/mm2 and mean 
diffusivity of 1.0x10-3 mm2/s.  The relationship between the diffusion coefficient for 
the three orthogonal directions ranges from equal values (FA=0) to diffusion in only 
one direction (FA=1.0)  The error produced from the arithmetic averaging is shown in 
a percentage of the geometric mean (gray solid line).
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The error produced from the arithmetic averaging is shown in Fig. 3.8 as a percentage of 

the geometric mean. For isotropic structures, the two calculations are identical. At FA = 

0.8, an appropriate value for highly anisotropic white matter, the error is approximately 

6.6%. Such small error is consistent with the experimental results shown in Figs. 3.5 and 

3.6. 

 Due to the motion insensitivity of radial MRI, reconstructed radial-FSE images 

are free from significant motion artifacts and, due to the fast spin-echo refocusing utilized 

in the sequence, images have no susceptibility artifacts as in SSEPI DWI methodology. 

Figure 3.9a is a diffusion-weighted trace image obtained with SSEPI. Three images 

obtained with diffusion weighting in three orthogonal directions were averaged to obtain 

the trace image. An isotropic diffusion-weighted radial-FSE image of the same patient is 

shown in Fig. 3.9b. In both images, areas of ischemia are clearly visible as regions of 

hyperintensity, there is no obscuring bright signal due to diffusion anisotropy in white 

matter, and there are no artifacts due to motion. However, the lower resolution SSEPI 

method is unable to resolve the two smaller anterior areas of ischemia, seen in the higher 

resolution radial-FSE image. The lack of image distortion in the radial-FSE image also 

allows for a more direct comparison of diffusion-weighted images to conventional T2-

weighted and T1-weighted images. Similar results have been obtained consistently in our 

clinical evaluations. 

 Because radial-FSE is insensitive to magnetic field inhomogeneity, it works well 

at higher field strengths. A comparison of isotropic diffusion-weighted radial-FSE with 

SSEPI at 3T is shown in Fig. 3.10. These images are from a patient with a renal cell 
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a) b)

Fig. 3.9  Diffusion-weighted images acquired on a 1.5T scanner of a stroke patient 
(b=1000 s/mm2) using SSEPI, a) and isotropic diffusion-weighted radial-FSE, b).  
Imaging parameters for the SSEPI exam TE=81ms, TR=10s, FOV=30x20cm2, with 
slice thickness=5mm and scan time=40sec.  For the radial-FSE exam.  TE1=70ms, 
TR=1500ms, ETL=4. FOV=26x26 cm2, with slice thickness=5mm and scan 
time=1:36min.

65



a) b)

c) d)

Fig. 3.10  Diffusion-weighted images (b=1000 s/mm2) of a cancer patient acquired at 
3T using SSEPI, a) and b), and isotropic diffusion-weighted radial-FSE, c) and d).  
Imaging parameters for the SSEPI exam were TE=72ms, TR=10s, FOV=30x20cm2, 
with slice thickness=5mm and scan time=40sec.  For the radial-FSE exam.  
TE1=60ms, TR=3000ms, ETL=4. FOV=26x26 cm2, with slice thickness=5mm and 
scan time=3:12min.
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carcinoma metastasis within the right hemisphere and were obtained after the injection of 

a contrast agent, Omniscan, which has been shown to have insignificant effects on DWI 

(Yamada et al., 2002). DWI is being used to evaluate the cellularity of cancerous tissues 

(Sugahara et al., 1999) and to predict tumor response to chemotherapy (Chenevert et al., 

1997; Galons et al., 1999; Jennings et al., 2002; Zhao et al., 1996). The SSEPI images in 

Fig. 3.10 have 3.75 x 3.75 mm2 in-plane resolution and show typical susceptibility 

artifacts in the frontal and temporal lobe regions due to air-tissue interfaces. No detail is 

visible within or adjacent to the tumor. The isotropic diffusion-weighted radial-FSE 

images shown in Fig. 3.10 have 0.94 x 0.94 mm2 in-plane resolution and are free of 

motion and susceptibility artifacts. Due to the high resolution of the radial-FSE images 

and insensitivity to susceptibility changes, heterogeneity within and around the tumor can 

be visualized (Fig. 3.10c). Because this metastasis was hemorrhagic, it contains blood 

products that yield regions of local susceptibility gradients that cause problems for SSEPI 

methods.  

 A unique feature of isotropic diffusion-weighted radial-FSE is that both ADC 

maps and T2 maps can be generated from only two data sets. A high-resolution ADC 

map, obtained from two individual exams (b = 5 s/mm2 and b = 1000 s/mm2 in Fig. 3.11a 

and b, respectively) is shown in Fig. 3.11c. ADC values in the brain unaffected by the 

stroke are similar to those given in literature (1.17 x 10-3 and 1.32 x 10-3 mm2/s for white 

matter and gray matter, respectively) and there is a decrease in the ADC in the region of 

ischemia (0.72 x 10-3 mm2/s versus 0.96 x 10-3 mm2/s in homologous tissue on the 

contralateral side) (Sorensen et al., 1996; Yoshiura et al., 2001). It is important to note 
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Fig. 3.11 Images acquired on the 1.5T scanner of a stroke patient using isotropic 
diffusion-weighted radial-FSE.   Imaging parameters for all images TE1 = 70 ms, TR 
= 1500 ms, ETL = 4, FOV = 26 x 26 cm2, slice thickness = 5 mm.  Panel a) is the b = 
5 s/mm2 image, and panel b) is the b = 1000 s/mm2 image.  An ADC map calculated 
from the radial-FSE data set is shown in panel c).  A T2 map calculated from the
radial-FSE b=5 s/mm2 image, is shown in panel d). 

c) d)

a) b)

c) d)

a) b)
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that measured ADC values are dependent on the amount of diffusion weighting applied, 

the diffusion time, and the TE of the sequence (Yoshiura et al., 2001). ADC values in 

regions of ischemia are also dependent on the time elapsed between stroke onset and the 

DWI exam. Maps of T2 can be calculated from any individual isotropic radial-FSE 

dataset. An example of this is shown in Fig. 3.11d where a T2 map was generated from 

the non-diffusion-weighted (b = 5 s/mm2) isotropic radial-FSE dataset (Fig. 3.11a), with a 

post-processing technique described previously (Altbach et al., 2002; Song and 

Dougherty, 2000). Briefly, multiple images at different effective TE values are produced 

from one radial-FSE dataset. For reconstruction of an image at a particular effective TE, 

only views acquired at that TE provide data near the center of k-space (within the 

Nyquist radius). At higher spatial frequencies, data from views with other TEs are 

included. A T2 map is then calculated from the TE images using a single exponential 

decay fit. There is an increase of T2 in the region of ischemia (139.8 ms versus 110.2 ms 

in the contralateral side). This region of ischemia shows a decreased ADC with an 

elevated T2, consistent with acute stroke imaged between 6 and 48 hr (Warach et al., 

1995; Welch et al., 1995). The ability to quantitatively determine both ADC and T2 in 

ischemic tissue may help determine the age of the stroke, which plays an important role 

in therapeutic decisions (Eastwood et al., 2003).  

 Other methods have been developed to obtain effectively isotropic diffusion 

weighting within the preparation period of a sequence (Wong et al., 1995). A common 

feature of these methods is that they require an increased amount of time to achieve a 

given diffusion weighting (compared to Stejskal– Tanner type weighting). Because the 
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diffusion-preparation periods are then required to be longer, the minimum TE time 

increases, resulting in a loss of SNR. Also, it is not always possible to make such 

sequences eddy current compensated. 
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IV. DEVELOPMENT OF 3D DIFRAD-FSE 

 To address the second goal of this work, techniques developed in 2D DIFRAD-

FSE were extended to 3D MRI.  The development of the 3D DIFRAD-FSE sequence was 

primarily done on the GE Signal LX platform at both 1.5 and 3 Tesla field strengths. The 

EPIC code that was adapted for the creation of 3D DIFRAD-FSE was 3D FSE. 

 

The Imaging Sequence 

 The commercial GE 3D FSE pulse sequence is diagramed in Fig. 4.1; it consists 

of a 90° RF excitation pulse and train of 180° RF refocusing pulses.  As in previous 

chapters, slice select gradients will be shown on the z-axis.  A slab-select gradient is 

shown during a 90° RF excitation pulse followed by a train of slab-select gradients 

during the 180° RF pulses that are flanked by crusher gradients. It is important to note 

that the very first crusher has a smaller area than all the other crushers.  This is because 

the gradient area needed to refocus the phase of the spins excited by the 90° RF pulse is 

taken out of this first crusher.  In contrast to the 2D FSE sequence, there is a single phase 

encode gradient applied on the z-axis per TR to allow for the collection of data at 

different kz planes.  A line of Cartesian data is acquired during each spin-echo, with a 

short phase encode gradient applied on the y-axis and frequency encode gradient on the 

x-axis.   

 The first change implemented into 3D FSE was radial data acquisition.  For this to 

occur the readout (Gx) gradient pulses that were already in place had a post-positioning 

pulse added to them.  The area of the gradient is controlled such that the area of the 
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Fig. 4.1  Diagram of the original 3D FSE pulse sequence that collects data on a 
Cartesian grid.  A single phase encode gradient is applied on Gz to reduce the 
collection to a particular location in kz.  Multiple phase encode gradients are applied 
on Gy with frequency encode gradients applied on Gx such that data is collected in a 
ky-kx plane.  Three lines of data collection are shown, but the ETL could be increased 
up to 32. 
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positioning pulses are half that of the readout with an opposite amplitude, as diagramed 

in  Fig. 4.2.  The corresponding trajectory through k-space is to move away from the 

origin along a half-radial line, scan a full radial line that passes through the origin, and 

move back to the origin along a half-radial line.   This combination of gradients was then 

copied to the y and z axes to allow for the collection of radial lines at any orientation.  By 

returning to the origin after each line of data is acquired, all phase applied by the readout 

gradients is unwrapped, and subsequent radial lines of data can be collected with any 

arbitrary orientation in the 3D Fourier space.   

 There are several methods available to determine what orientations the radial lines 

should have.  Ideally, an even distribution of orientations would be collected.  Since all 

the radial lines pass through the origin and have the same length and number of readout 

points, a spherical region of k-space is sampled in a 3D radial dataset as shown in the plot 

of Fig. 4.3.  The ideal orientation of views, and corresponding view starting points, would 

have equal spacing in both φ and θ angular directions.  Two methods were used to 

calculate the starting points of the views on a surface of a sphere.  The first method was 

to use a tessellation algorithm to systematically segment the surface of a sphere into 

equilateral triangles (Tegmark, 1996).  The vertices of the triangles are then used as the 

view starting points; an example is shown in Fig. 4.4a.  This is an established method for 

producing equal segments on the surface of a sphere, but the algorithm is limited to 

specific numbers of triangles, and therefore the number of views is not completely 

flexible.  To get around this limitation another method was developed, in collaboration 

with Dr. Eric Clarkson (Department of Radiology), which calculates a spiral on the 
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Fig. 4.2  Diagram of the frequency encode, or readout, gradient waveform in radial-
FSE.  The first pulse moves the trajectory away from the center of k-space by a half 
radial line.  The second pulse moves the trajectory across a full radial line, during 
which time data are acquired.  The third pulse moves the trajectory back to the center 
of k-space.  Note that the area of the first and third pulse are exactly half that of the 
second pulse.
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φ

θ

Fig. 4.3  Example plot of radial lines collected in a 3D radial-FSE sequence.  Note 
that all radial lines go through the origin and cover a sphere of k-space.  The angle 
made away from the kz-axis is called φ, where the angle made in the kx-ky plane is 
called θ.
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surface of a sphere that has equal spacing in φ between revolutions of the spiral.  Points 

along the spiral are then determined that have equal spacing in θ and are nearly equal to 

the spacing in φ.  The points on the spiral are then used as the view starting points.  The 

algorithm will produce an array of angular orientations from any given number of readout 

points and views.  The radius of the sphere to be covered in k-space points, R, is defined 

as half the total number of readout points selected.  Knowing R, and choosing the total 

number of views to be collected, N, the linear spacing between starting points along the 

spiral, C, can be calculated as 

  C =
2πR2

N
. (34) 

The equations used to produce the angles associated with each view’s orientation is given 

by  

  

φn = cos−1 1−
C 2

2πR2 N
⎡ 

⎣ 
⎢ 

⎤ 

⎦ 
⎥ 

θn = −
2πR
C

⎛ 
⎝ 
⎜ 

⎞ 
⎠ 
⎟ sin−1 1−

C 2

2πR2 N
⎡ 

⎣ 
⎢ 

⎤ 

⎦ 
⎥ 

, (35)  

where n is an index from 1 to N.  An example is shown in Fig. 4.4 b.  The array of angles 

is then used to calculate the gradient amplitude needed on each axis to achieve the 

desired view orientation.  The gradient strengths needed to achieve these trajectories are 

given by 
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Fig. 4.4  Plots seen from the kz-axis of view starting points for a 3D radial-FSE 
sequence using the tesselation and spiral algorithms for a) and b) respectively.  The 
points indicate the view starting points.  Both algorithms produce almost even spacing 
in φ and θ; the spiral starting points have a higher density near the kz-axis.

a) b)
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Gx n = G cosθn sin φn

Gy n
= G sinθn sin φn

Gz n = G cosφn

, (36) 

where G is the maximum gradient amplitude for the selected acquisition parameters.  

Both the tessellation and spiral methods for calculating view starting points were 

incorporated as options into the sequence.   

 In previous development of the 2D radial-FSE technique, it was found that not 

only the number and orientation of views collected was important, but also the view 

order.  By producing a high variation of TE values within view angle and distributing the 

views broadly in angle in each echo train, reconstructed images with less streaking 

artifacts due to T2 decay and/or motion are obtained (Theilmann et al., 2004b).  With the 

spiral view orientation algorithm, a sequential view order would begin by collecting the 

first view oriented along the z-axis at φ=0° and step along the spiral, in sequential θ, 

down to φ=90°.  In the 2D radial-FSE, sequential view ordering was found to produce a 

low frequency variation in signal intensity in the azimuthal direction caused by the T2 

decay, which resulted in streaking in the reconstructed image.  In addition, errors due to 

motion are grouped into segments of k-space and cause further streaking artifacts in the 

reconstructed image.  A technique was developed to alleviate these issues that follows 

two important rules: 1) the views collected within each echo train should be evenly 

spread throughout the full 2π radians of Fourier space, and 2) maintain a high variation of 

TE with view angle.   
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 The rules established for bit-reversal view ordering were followed to develop a 

3D “sorted” view ordering for 3D radial-FSE.  For 3D sorted view ordering, the array of 

view numbers is ordered from φ = 0° to 90° and then from θ = 0° to 360°.  The spiral 

view orientation selection algorithm automatically produces an array of views in this 

order.  The array is first divided into ETL sections as diagramed for an ETL = 8 

acquisition by the dashed lines in Fig. 4.5.  Every TR period, one view is collected from 

each section.  This spreads sampling throughout Fourier space and satisfies rule 1).  In 

Fig. 4.5, the initial echo position of each section within the echo train is labeled in black.  

All views in a particular section that are to be assigned a particular TE are collected in 

each subsequent echo train until complete.  For the given example, with 4096 total views 

and an ETL=8, the first section will remain in the TE1 position for the first 64 echo trains. 

In the first echo train, view #0 will be collected at the TE1 position.  In the second echo 

train, view #8 will be collected at the TE1 position, etc.  Next, the positions of the 

sections in the echo train undergo a circular shift such that they have the next TE.  The 

new echo position is labeled in gray in Fig. 4.5.  After all views have been collected in 

this manner, the TE assigned to each view in the ordered array of view numbers mimics 

the azimuthal pattern of the 2D bit reversal.  That is, for view numbers [0,1,2,3,4,5,6,7] 

the corresponding TE positions are [1,5,3,7,2,6,4,8], which demonstrates that rule 2) is 

satisfied.  It is important to note that the algorithm developed for the 3D sorted view 

ordering requires the total number of views to be divisible by ETL2 for all views to be 

collected appropriately.   
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Fig. 4.5 Plot of angle in φ and θ for each of 4096 sorted views, whose orientation was 
calculated using the spiral algorithm.  The dashed lines indicate the sections the array 
is broken into for an ETL=8.  The TE values listed in black indicate the position in the 
echo train for views collected in that section for the first 64 echo trains.  The TE 
values listed in gray indicate the position in the echo train for the next 64 echo trains, 
etc.
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Fig. 4.6  k-space trajectory of the eight views collected in the first TR using sequential 
and sorted view ordering for a) and b) respectively.  In the sorted view ordering, the 
collected views are spread throughout the 3D sphere of k-space.

a) b)
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c) d)

b)

Fig. 4.7 Plots of the view starting points for 4096 views and ETL=8 with a) 
sequential, and b) sorted view ordering.  The increasing TE value is shown as a shade 
of gray from light (TE1) to dark (TE8).  Coronal slices from 3D radial-FSE datasets 
collected with sequential and sorted view ordering are shown in c) and d) respectively.  
Imaging parameters for all images:  TE=87 ms, TR=500 ms, ETL=8, FOV=22 cm, 
and b = 0 s/mm2.  Neither image contains artifact from T2 decay. 

a)
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 A diagram of the views collected in a single TR for 3D sequential and sorted view 

orderings are shown in Fig. 4.6a and 4.6b respectively, and illustrates how rule #1 is 

satisfied with sorted view ordering.  The resulting view order and TE relationship for 

4096 views collected with sequential or 3D sorted view ordering is shown in Fig. 4.7a 

and 4.7b, respectively, and illustrates that rule #2 is satisfied with sorted view ordering.  

In contrast to 2D radial-FSE methods, images reconstructed from both sequential and 

sorted 3D radial-FSE datasets show little artifact due to T2 decay, as seen in Fig. 4.7c and 

4.7d. The deviation from 2D radial-FSE results, where a sequential view ordering results 

in streaking artifacts, is likely due to the high frequency variation of TE in the φ direction 

for 3D imaging.    

 Another adaptation of the EPIC code was to add in a diffusion preparation 

between the 90° RF excitation pulse and the first 180° RF refocusing pulse in the echo 

train.  A preparation period was added to yield additional time between the two RF pulses 

for the diffusion weighting to occur.  RF pulse and gradient timing calculations were 

updated accordingly.  The original 3D FSE EPIC code compensates for the rephasing of 

the 90° slice select gradient on the z-axis by reducing the area of the first crusher. With 

the added diffusion preparation time that crusher is move much further away.  To address 

this issue, a new refocusing gradient was added immediately following the 90° slice 

select that has half the area of the 90° slice select gradient and opposite polarity.  

Additionally, the area of the first crusher was set to that of all the other crushers.  If the 

rephasing of the 90° slice select gradient were to be left like the original code, but with 

the added preparation time, this would effectively increase diffusion weighting in the 

83



Fig. 4.8  Diagram of the 3D DIFRAD-FSE pulse sequence.  An eddy-current 
compensated diffusion preparation period occurs during TE1.  Diffusion-weighting is 
shown in the XYZ direction.  TE2 is the echo spacing for data collection.  Frequency 
encode, or readout, gradients are applied on Gz, Gy, and Gx simultaneously. Two lines 
of data collection are shown, but the ETL could be increased up to 32. 

RF

Gz

Gy

Gx

84



 

slice direction.  Options were also added to the code to select either a standard Stejskal-

Tanner or eddy-current compensated dual spin-echo diffusion preparation (Reese et al., 

2003).  To achieve an eddy-current compensated diffusion weighting preparation period 

like that developed in 2D DIFRAD-FSE, two more 180° RF pulses were added, 

accompanied by diffusion gradients on all three axes.  As seen in the 3D DIFRAD-FSE 

pulse sequence shown in Fig. 4.8, the diffusion gradients are spaced around the 180° RF 

pulses such that any dead time in the diffusion preparation will occur between the last 

diffusion gradient and the first 180° RF pulse of the readout echo train. Multiple 

parameters were added to control the length and amplitude of all diffusion gradients.  The 

b-value applied to the MR signal can be calculated from the duration and amplitude of 

the diffusion gradients along with the spacing between them.   

 It can also be seen in Fig. 4.8, that crushers around the 180° RF pulses were added 

to the x and y-axes.  When initial 3D radial-FSE datasets were collected and 

reconstructed, there were streaks running through the image in the anterior/posterior 

direction as shown in Fig. 4.9c and 4.9d.  After inspecting the raw data, it was seen that 

small echoes appeared that were equally spaced on both sides of the center peak of 

Fourier data for views near the kZ-axis.  Datasets were collected with two different fields 

of view; one with a FOV=24cm, shown in Fig. 4.9a and 4.9c, and one with a FOV=36cm, 

shown in Fig. 4.9b and 4.9d.  With the increased FOV, and corresponding smaller Δkr, 

the extra echoes shifted position away from the center of k-space indicating that the 

echoes were occurring at a particular location in k-space.  This means the echoes saw the 

same total amount of gradient area despite the change in gradient strength required for a 
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c) d)

Fig. 4.9 Plots of the absolute value of radial Fourier data are shown for a) FOV=24cm 
and b) FOV=36cm with corresponding images shown in c) and d) respectively.  Small 
echoes can be seen in the Fourier data for views collected near the kz-axis, which 
cause streaks in the reconstructed images.  The echoes maintain their position in k-
space as the FOV is changed.

a) b)
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Fig. 4.10  Diagram of the slice select, crusher, and readout gradient waveforms on the 
Gz-axis in 3D radial-FSE.  The area of the crusher gets partially refocused by the first 
pulse of the readout gradient.  The two areas are not equal and thus the dephasing is 
not fully refocused.
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larger FOV; this can be achieved with a pair of gradients, one positive and one negative 

amplitude.  It was determined that the gradient echoes were being refocused by the z-read 

gradients.  Fig. 4.10 depicts how the pre-positioning pulse of the z-read gradient can 

refocus the area of the z-crusher.  By adding crushers on the x and y-axes, the gradient 

echo signals were pushed outside of the kmax, and the artifacts were removed. 

 The original GE 3D FSE pulse sequence used refocusing RF pulses that were less 

than 180° within the data acquisition echo train.  Within comments of the code, GE stated 

that this was done to increase the amplitude of stimulated echoes, which adds to the 

overall signal obtained throughout the echo train.  Stimulated echoes occur from sets of 

three RF pulses (Hahn, 1950).  For example, the first 90° RF pulse tips the magnetization 

into the XY plane where some dephasing occurs, the second <180° RF pulse tips the 

magnetization partially into the XZ plane where it is “stored”, and the third <180° RF 

pulse tips that portion of the magnetization back into the XY plane where the spins 

rephase and signal can be detected. All slice selective RF pulses can produce a 

combination of flip angles due to non-rectangular slice profiles.  For example if a slice 

selective180° RF pulse is prescribed, there will be magnetization that rotates 0°, 90°, or 

180°. The three RF pulses from which the stimulated echoes were formed were the initial 

90° excitation pulse and the two RF refocusing pulses in the eddy-current compensated 

diffusion preparation period. When the diffusion preparation time was added, the path of 

the stimulated echoes no longer aligned with that of the spin echoes and resulted in 

artifacts in the reconstructed image.  By setting the RF train to be 180° pulses throughout 

the echo train, the stimulated echo effects were greatly reduced. 

88



 

 

Image Reconstruction 

 As mentioned in the Introduction, MRI data collected along radial lines are 

commonly reconstructed in two ways. The first is FBP reconstruction.  The second is to 

regrid the radial data onto a Cartesian grid and then perform an inverse Fourier 

Transform. Algorithms were developed in the C programming language for the 

implementation of both methods for image reconstruction from 3D radial-FSE or 

DIFRAD-FSE datasets.  Rex Newbould wrote the regridding reconstruction program 

with discussion and advice from the research group.  Similar to regridding in 2D imaging, 

data points collected on a spherical grid in k-space are interpolated onto a Cartesian grid.  

This is accomplished by weighting the data points according to their sampling density, 

convolving with a defined kernel, and re-sampling onto a standard Cartesian grid.  A 3D 

FT-1 is then performed to produce an MR image. 

 In the development of the FBP reconstruction for the 3D radial-FSE data, 

equations similar to that of 2D FBP were used, but an additional loop was added for the 

second angle, φ, associated with each radial line.  In addition, the x, y, and z 

representations were changed to 3D polar coordinates.  The equation for 3D radial data is 

given by 

  ( ) ( ) ( )
max

max

2 2
2 cos sin sin sin cos2

0 0

, , sin  , ,
k

i k x y z

k

x y z k s k e d d dk
ππ

π θ φ θ φ φρ θ θ φ φ θ+ +

−

= ∫ ∫ ∫  (37) 

where k is the radial position from the origin (Haacke et al., 1999).  Both algorithms were 

used for reconstruction of 3D radial-FSE datasets.  
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Isotropic Diffusion Weighting in 3D DIFRAD-FSE 

 The isotropic diffusion weighting ideas presented in Chapter 3 for 2D radial-FSE 

are extended to 3D radial imaging herein.  The ability to carry out radial 3D diffusion-

weighted imaging may allow high spatial resolution to be obtained in three dimensions 

while maximizing SNR with a volume excitation.  In addition, 3D MRI can produce 

images with isotropic voxels, which allows the visualization of any plane in the DWI 

dataset.  By incorporating isotropic diffusion weighting into the 3D DIFRAD-FSE 

sequence, imaging time can be reduced for DWI exams, making it more clinically useful.  

 For implementation of the isotropic diffusion weighting techniques to 3D 

DIFRAD-FSE, the pulse sequence described earlier in this chapter was further modified. 

The diffusion preparation period is the same as in the 2D technique, in which the 

direction of diffusion weighting is altered during the scan four times using [1,1,1], [-

1,1,1], [1,-1,1], and [-1,-1,1] (indicating full gradient strength on the [X,Y,Z] axis) to 

attain isotropic diffusion weighting when averaged. Since the order in which views are 

collected has been shown to be important to the image quality for 2D isotropic radial-

FSE, the effects were analyzed for the 3D sequence.  The sequential and sorted view 

orderings described previously were tested.  Similar the 2D isotropic diffusion weighting 

technique, in addition to coarsely sampling the full sphere of k-space within each TR 

period, and generating a high frequency angular variation in TE, a high frequency 

variation in diffusion direction for adjacent views that is unrelated to TE is needed.  The 

effects of these view ordering schemes on the distribution of the diffusion directions with 
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Fig. 4.11 Plots of the view starting points for 4096 views and ETL=8 with a) 
sequential and b) sorted view ordering; corresponding images are shown in c) and d) 
respectively.  The different diffusion directions are indicated by a shade of gray.  c) 
and d) are coronal slices from 3D DIFRAD-FSE datasets.  Imaging parameters for all 
images:  TE1=70 ms, TR=500 ms, ETL=8, FOV=22 cm, and b = 1000 s/mm2.  Notice 
the heterogeneity of the tissue intensity in c) (arrows).

c) d)

a) b)
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the isotropic preparation scheme are shown in Fig. 4.11a and 4.11b.  It is obvious that the 

sequential view ordering groups the individual directions of diffusion.  This grouping 

causes errors that can be seen in the reconstructed image and appear as inhomogeneous 

tissue intensity.  This is especially true for areas of high anisotropy.  In Fig. 4.11c, the 

corpus callosum (indicated by white arrows) has a greater intensity in the right 

hemisphere.  The direction of diffusion is more evenly spread throughout the full sphere 

of k-space when the sorted view ordering is used for data collection. As expected, the 

image obtained using the sorted view ordering greatly reduces the anisotropy effects, and 

is relatively isointense in similar areas of high anisotropy; in Fig. 4.11d the corpus 

callosum has similar intensity in both hemispheres.   

 Datasets were collected to compare the signal intensity values of a trace image to 

that reconstructed from a 3D isotropic diffusion-weighted radial-FSE dataset, both 

collected with the sorted view ordering.  Four datasets were acquired with the diffusion 

direction held constant within each scan; a trace image was then calculated as the 

geometric mean of these datasets.  For comparison, a single isotropic diffusion-weighted 

dataset was collected.   A coronal slice from each 3D dataset is shown in Fig. 4.12; the 

trace and isotropic diffusion-weighted images are qualitatively similar and have 

homogeneous signal intensity in highly anisotropic white matter tracts.  An ROI was 

analyzed in the left corpus callosum.  As can be seen in Fig. 4.13, there is variation in the 

mean signal intensity between the images with different diffusion directions, and the 

trace is an average of the values. As expected from the plot in Fig. 3.8, the mean signal 

intensity of the isotropic image is similar to but higher than that of the trace image, 1036 
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Fig. 4.12  Coronal slices from 3D DIFRAD-FSE datasets of a normal volunteer.  
Imaging parameters: TE1=70ms,  TR=500ms, steps=128, views=4096, ETL=8, 
FOV=22cm, with b=1000 s/mm2.  Images obtained with diffusion weighting in the 
XYZ, -XYZ, X-YZ, and -X-YZ directions are shown in a), b), c), and d), respectively.  
A trace image produced from the geometric mean of these images is shown in e).  An 
isotropic diffusion-weighted radial-FSE image from a single dataset is shown in f).  
Although the isotropic image does not have a smooth intensity because of the lower 
SNR, it is similar to the trace image.

a) b)

c) d)

e)

f)
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Fig. 4.13  The mean signal intensity for an ROI in the splenium of the left corpus
callosum from each of the images shown in Fig. 4.12.  The error bars represent the 
standard deviation of the signal within each ROI.  The isotropic mean signal is similar 
to that of the trace, but has a larger standard deviation because of the lower SNR and 
is positively skewed from the arithmetic averaging.
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± 166 and 962 ± 79 respectively, illustrating effectively isotropic diffusion weighting.  

The SNR for the isotropic diffusion-weighted image is lower than that of the trace, but 

required one-fourth of the time to collect. 

 Because there is little artifactual brightness in images acquired with the 3D 

isotropic diffusion-weighted radial-FSE sequence, small ischemic lesions can be 

identified as areas of hyperintensity in an image of a stroke patient.   Fig. 4.14 shows two 

oblique slices taken from a 3D isotropic diffusion-weighted radial-FSE dataset, using 

sorted view ordering.  In Fig. 4.14a, two ischemic lesions are visible in this axial/coronal 

slice and are indicated by arrows.  Fig. 4.14b shows the more anterior lesion in a 

sagittal/axial slice. By achieving voxels with equal 1.7 mm dimensions, resolution in the 

slice dimension is increased compared to typical slice thicknesses in 2D MRI; however, 

the resolution in-plane is reduced.  The increased resolution in the slice dimension for the 

3D isotropic diffusion-weighted radial-FSE sequence added to the ability to view images 

from multiple planes, allows the full extent and volume of a lesion to be more accurately 

determined. 
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a) b)

Fig. 4.14 Two oblique slices of a stroke patient from an isotropic diffusion-weighted 
3D radial-FSE data set. Imaging parameters:  TE1=70ms,  TR=500ms, steps=128, 
views=4096, ETL=8, FOV=22cm, and b=1000s/mm2 with isotropic diffusion 
weighting.  a) oblique axial/coronal slice showing two hyperintense areas of ischemic 
tissue b) the most anterior  area of ischemia viewed in an oblique sagittal/axial slice.
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V. EVALUATION OF IMAGING PARAMETERS IN 3D DIFRAD-FSE 

 There are many parameters that can be controlled during the acquisition of MRI 

data.  Each one has an effect on image quality and scan time, almost always with a direct 

relationship.  Since MR images are used for a variety of purposes, e.g. clinical 

diagnostics to neurodevelopment research, there is no one particular target to determine 

the optimum trade off between scan time and image quality.  Therefore, this chapter 

simply explores the adjustable parameters in 3D radial-FSE scans, with or without 

diffusion weighting, and the consequences in the reconstructed images.  

 

Effects of Acquisition Parameters 

 Since a main goal was to produce diffusion-weighted images with high spatial 

resolution, the parameters that effect voxel size are discussed first.  As described in 

Chapter 1, the number of readout points along a line of data and the corresponding image 

FOV primarily determine the resolution in reconstructed images.  In 3D radial MRI, a 

spherically symmetric FOV is used and radial lines with the same number of data points 

are collected throughout a sphere of k-space.  In our implementation, these are the two 

parameters that determine the size of every voxel in each dimension.  It is important to 

note that the EPIC code of the 3D FSE pulse sequence limits the number of readout 

points (steps) to be ≥ 128.  Consequently, this parameter could only be explored in this 

limit.  To increase accuracy of the diffusion measurement, it is desirable to image with 

small voxels, such that the tissue per voxel is more homogeneous.  However, as the voxel 

size decreases, so does the SNR.  For example, when all other imaging parameters are 
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Fig. 5.1  Axial slice from 3D radial-FSE datasets.  Imaging parameters: TE1=60ms, 
TR=500ms, views=6144, ETL=8, RBW=16KHz, FOV=24cm, b-value=0, with 128 
and 192 steps respectively for a) and b).  The SNR is much greater in the image with 
larger voxels, a). 

a) b)
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held constant and the number of readout points increases from 128 to 192, the SNR drops 

from 37 to 15, respectively, in the images shown in Fig. 5.1.  This is an inequitable 

comparison because with the number of views held constant, angular undersampling 

increases as the number of steps increases.  Artifacts from angular undersampling have 

been found to have one of the greatest effects on the measured SNR of an image. 

 In our implementation, the number of views collected does not change the 

resolution in an image, but it does affect the SNR and angular undersampling artifacts.  

When a scan is prescribed, the FOV, sampling time and number of steps along a radial 

line are selected.  The code running the MRI scanner calculates the necessary gradient 

strength needed during data collection such that the spacing along the radial line, Δkr, 

meets the Nyquist criteria for the prescribed FOV.  For a 3D radial dataset to be fully 

sampled in the angular dimension, the Δkθ and Δkφ at kmax should be equal to Δkr, as 

diagramed in Fig. 5.2.  The last point along the radial k-space line of data that meets the 

sampling criteria where Δkr = Δkθ=Δkφ, is referred to as the Nyquist radius (kNyquist).  This 

can be calculated for 3D radial MRI by the following equation: 

  kNyquist =
3NΔkr

2π
 (38) 

where N is the number of views.  It can be seen that the Nyquist radius is a function of 

√N where in 2D radial MRI it is a function of N.  This means that compared to 2D the 

number of views needed for full angular sampling increases by a factor of √N.  To 

increase imaging speed, radial MRI datasets are often angularly undersampled.  This can 

result in streaking artifacts in the image.  However for clinical brain scans, the high 
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Δkφ

Δkθ
Δkr

kz
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ky

Fig. 5.2  The spacing between data points along a radial lines is Δkr, the spacing 
between points in the angle made away from the kz-axis is Δkφ, and the spacing 
between points in the angle made in the kx-ky plane is called Δkθ. The Nyquist radius, 
knyquist, is where Δkφ, = Δkθ = Δkr.  The view orientations are calculated such that Δkφ, 
= Δkθ.
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VIEWS

STEPS 2D 3D

128 201 8579

192 301 19302

256 402 34314

Table 5.1  The calculated number of views needed for full angular sampling in a radial 
dataset for a given number of steps is listed.  For the given number of views, the 
knyquist occurs at the kmax, which is equal to steps/2.
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spatial frequencies often have little energy and the artifacts in the image are minor.  In 

Table 5.1, the number of steps and views needed to be fully sampled are listed for both 

2D and 3D radial MRI.  Increasing from 128 to 192 steps in 3D radial requires 10,723 

more views for full sampling.  Looking back at Fig. 5.1, it is not surprising that with the 

number of views held constant the dataset with 192 steps has more streaking artifacts.  

The SNR of an image is calculated by dividing the mean signal intensity from an ROI in 

the object by the standard deviation of the noise.  Streaks from angular undersampling 

may interfere with the calculation of the standard deviation of the noise and cause an 

increase in the measured value.  This will reduce the calculated SNR.  If both datasets 

were collected at full angular sampling then the 192 step dataset would contain 10,723 

more views increasing the SNR and requiring significantly longer scan time.  This is a 

confounding issue in analyzing the effects of parameters on image quality for 3D radial-

FSE datasets via SNR.  Since angular undersampling artifacts influence image quality, it 

was determined that combining their effects with other influences on SNR is reasonable 

for quantitative assessment of images. The cumulative effect of view number on an image 

can be assessed by holding the readout steps constant and collecting various number of 

views, as shown in Fig. 5.3.  It is clear that SNR increases as the number of views 

increases, but so does the scan time.  It is important to note that the current 

implementation of the 3D radial-FSE sequences has a limitation of a maximum of 11072 

views per dataset.  This number is hard set in the memory allocation of many parameters 

in the EPIC code, but could be increased barring software limits of the scanner.         
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Fig. 5.3  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: TE1=0ms, 
TR=250ms, steps=256, ETL=8, RBW=62KHz, b-value=0, FOV=26cm, with 1088, 
6144, and 11072 views respectively for a), b) and c).  Corresponding scan times are 
0:34, 3:12, and 5:46 minutes.

a) b) c)
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 The time required to collect 3D radial-FSE datasets can be calculated by the 

following equation: 

   ViewsScan time TR
ETL

⎛= ×⎜
⎝ ⎠

⎞
⎟ . (39) 

 For example, the smallest number of readout points available in the 3D radial-FSE 

sequence is 128 steps, which requires 8578 views for full angular sampling.  To collect a 

dataset with 8578 views and 32 views collected per TR, i.e. ETL=32, with the shortest 

possible TR for that ETL, 450 ms, the total scan time would be ~2 minutes.  The TR not 

only controls the magnitude of the net magnetization vector available for each excitation, 

but also how much data can be collected during each excitation.  By increasing the TR, a 

gain in signal due to T1 relaxation is achieved, and accordingly a gain in the inherent 

SNR.  However as seen in EQ 39, an increase in TR is directly proportional to an 

increase in scan time.  The images shown in Fig. 5.4 are of gel in 10mm tubes doped with 

Gadolinium.  The percent gel varied from 0.8 to 2.4% and were doped such that T2 and 

T1 values of the phantoms were in the physiological range of the body: T2 values of 50-

140ms and T1 values of 580-1015ms.  The SNR was measured in the gel with a T2=95ms 

and a T1=785ms. For data acquisition, all parameters were held constant but the TR, 

which increased from 500 to 1000ms.  Although the signal intensity increases with TR, as 

expected, the SNR doesn’t change much.  Because the datasets are angularly 

undersampled, there is significant streaking outside the object.  The intensity of the 

streaks increases along with the signal and consequently increases the measured standard 

deviation of the noise.  As described in the previous paragraph, undersampled datasets 
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Fig. 5.4  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: TE1=90ms, 
steps=128, views=5568, ETL=8, RBW=16KHz, FOV=22cm, b-value=0, with a TR of 
500 and 1000ms respectively for a) and b).  Although the signal is slightly higher for 
the longer TR, the corresponding intensity in the streaks from underspampling is also 
higher.  Consequently, the SNR in the two images is roughly the same.

a) b)
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Fig. 5.5  Axial slice from 3D radial-FSE datasets.  Imaging parameters: TE1=70ms, 
steps=256, views=11072, ETL=8, RBW=16KHz, FOV=26cm, b-value=0, with 
TR=300 and 500ms respectively for a) and b).  Notice that, as expected, SNR 
increases with TR. 

a) b)
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can have the SNR coupled with the number of views.  However, one can quickly run into 

the regime of short TR where the reduced tissue signal can outweigh the reduction in 

undersampling artifacts.  In the images shown in Fig. 5.5, the TR was changed from 300 

to 500ms (all other parameters being held constant).  The SNR in the images increased 

from 10 to 18, respectively, even though the datasets were angularly undersampled.  

Although the images are from two different volunteers, the effect of a short TR is 

apparent. 

 Another parameter that comes in to play for scan time is the echo train length.  By 

increasing the ETL, one can collect more views per TR period.  The penalty is that the 

extra views are collected at longer echo times, experience more T2 decay and 

consequently have lower signal intensity.  When all other parameters are held constant, 

doubling the ETL from 8 to 16 causes a decrease in SNR from 23 to 13 as shown in Fig. 

5.6.  Recall, that the ETL directly affects the total scan time, which was cut in half in this 

comparison.  The benefit of doubling the ETL is that twice as many views could be 

collected in the same scan time, reducing the undersampling artifacts. Fig. 5.7 shows 

images in which the scan time was held constant and the ETL along with the number of 

views was doubled from 8/5568 to16/11072.  The SNR increased from 26 to 45 

respectively, in the gel with a T2=95ms and a T1=785ms.  In a similar experiment, the 

scan time was held constant and the ETL along with the number of views was doubled 

from 8/4096 to 16/8192; the corresponding images are shown in Fig. 5.8.  Looking at the 

images one can see that Fig. 5.8b has less streaking and is more heavily T2-weighted.  

Despite the better appearance of the image in Fig. 5.8b, the SNR for the two images is 
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Fig. 5.6  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: TE1=90ms, 
TR=500ms, steps=128, views=4096, RBW=16KHz, FOV=22cm, b-value=0, with an 
ETL of 8 and 16 respectively for a) and b).  The corresponding scan times were 4:21 
and 2:13 minutes.  Notice, the SNR decreases with decreased scan time. 

a) b)
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Fig. 5.7  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: TE1=90ms, 
TR=500ms, steps=128, RBW=16KHz, FOV=22cm, b-value=0, with 5568 views & 
ETL=8 and 11072 views & ETL=16 respectively for a) and b).  In this example, the 
SNR increases when the number of views is increased above the Nyquist criteria, even 
with equal scan times. 

a) b)
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Fig. 5.8  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: TE1=70ms, 
TR=500ms, steps=128, RBW=16KHz, FOV=22cm, b-value=0, with 4096 views & 
ETL=8 and 8192 views & ETL=16 respectively for a) and b).  The SNR in the two 
images is similar with the equal scan times.  However, b) has less streaking artifacts 
due to undersampling. 

a) b)
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similar.  The tissue intensity in Fig. 5.8b is reduced compared to 5.8a, and although more 

views were collected in the dataset of Fig. 5.8b, both images contain angular 

undersampling.  The higher number of views used for the phantom results exceeds the 

Nyquist criteria, unlike the head datasets.  This indicates that angular undersampling 

artifacts play a significant role in SNR calculations. 

 How quickly data are collected within an echo period is controlled by the receiver 

bandwidth (RBW).  The SNR in an image is directly proportional to the square root of 

the acquisition time, which is related to the RBW by the following equation (Nishimura, 

1996) 

  1 samplesAcquisition time N
RBW

= ⋅ . (40)  

For example, when the RBW is halved, the acquisition time is doubled and the SNR is 

increased by √2.  Another aspect of RBW is the rate of signal decay due to T2 during the 

acquisition time.  If signal decays quickly, then a larger RBW (i.e. faster acquisition time) 

allows data to be collected at higher signal intensity at the expense of a high noise level.  

Fig. 5.9 depicts the region of a signal decay curve covered with different values of RBW 

for a tissue with a T2 decay of typical gray matter (~100ms).  Note, the actual RBW on a 

clinical GE scanner is ± the listed value, i.e. RBW = 16KHz is actually ±16KHz or 

32KHz.  For the case of 3D radial-FSE (no diffusion preparation time is present) the data 

collection occurs during the steep slope of the decay curve.  As seen in Fig. 5.10, with all 

other parameters held constant, the SNR actually increases from 15, to 17, and to 18 for 

RBW = 16, 32, and 62KHZ respectively. 
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Fig. 5.9 Plot of signal decay vs. time, t, for a tissue with T2=100ms, similar to gray 
matter.  The arrows indicate the data acquisition period.  The dashed lines indicate 
when data collection is complete for that excitation, given the listed receiver 
bandwidth and an ETL=8.
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a) b) c)

Fig. 5.10  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: TE1=0ms, 
TR=250ms, steps=256, views=11072, ETL=8, FOV=26cm,  and RBW=16, 32, and 
62KHz respectively for a), b) and c).  With no diffusion preparation period, the SNR 
increases with increasing RBW. 
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 The relationship between RBW and SNR is different when the diffusion 

preparation period is added.   In the 3D DIFRAD-FSE sequence, data acquisition occurs 

60 to 90ms later than the non-diffusion-weighted sequence.  For head imaging, this 

moves the acquisition window down to the flatter part of the decay curve.  In this regime, 

the small increase in signal intensity obtained with a  higher RBW is outweighed by the 

increase in noise.  In the images in Fig. 5.11, with all other parameters held constant, the 

SNR decreases from 23 to 22 for RBW = 16 and 32KHz, respectively.  It is important to 

note that there is a “bulls-eye” artifact centered in the FOV that is seen in reconstructed 

images collected with RBW = 32KHz, like Fig. 5.11b.  The bulls-eye artifact has been 

present for several years and is suspected to be a hardware error because it is not apparent 

in reconstructed images collected with RBW = 16KHz or 62KHz.  To perform a more 

thorough study of the effects of RBW on the SNR, full angularly sampled 2D datasets 

were collected of gel phantoms using typical DIFRAD-FSE timing and diffusion 

preparation parameters with various ETL and RBW.  Table 5.2 lists the calculated SNR 

from an ROI taken within a gel and a large noise region.  If imaging with an ETL = 4, the 

highest SNR is obtained by using the lowest RBW, i.e. 16KHz.  This is also true for an 

ETL = 8, but not with as large of an effect.  For an ETL = 16, the trend changes and a 

RBW = 32KHz gives the highest SNR.  This remains true for an ETL = 32.  These results 

illustrate that the RBW that will yield the greatest SNR is dependent on whether a 

diffusion preparation period is used and the ETL chosen for data collection.   

 The effects of acquisition parameters on an image can be used to determine what 

the optimum set of parameters is to be used for a given task.  For example, described in 
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a) b)

Fig. 5.11  Coronal slice from 3D radial-FSE datasets.  Imaging parameters: 
TE1=90ms, TR=500ms, steps=128, views=4096, ETL=8, FOV=22cm, b-value=0 and 
RBW=16, and 32KHz respectively for a) and b). With a diffusion preparation period, 
the SNR decreases with increasing RBW.  Note that there is a “bulls-eye” artifact 
when data are acquired with a RBW= 32KHz.  The white arrow points to the center of 
the bulls-eye.
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RBW

ETL 16KHz 32KHz 62KHz

4 341 299 244

8 252 250 200

16 150 166 142

32 64 83 79

Table 5.2  The measured SNR for a 10mm gel phantom at various receiver 
bandwidths and ETL.  Datasets were collected using 2D DIFRAD-FSE. Imaging 
parameters: TE1=90ms, TR=1000ms, steps=128, views=384, FOV=26cm, and b= 
5s/mm2.
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this section are recommended imaging parameters to produce a 3D isotropic diffusion-

weighted radial-FSE dataset collected within 5 minutes with high SNR.  Assume a 

1.7mm isotropic voxel size is desired.  This can be achieved with 3D isotropic radial-FSE 

using128 steps and a FOV=22cm.  From the preceding section on imaging parameters, it 

seems that angular undersampling plays the greatest role in image quality; the more 

views collected the better the image.  However, since time is a factor, collecting as near 

the Nyquist criteria as possible would be recommended.  Because the current 

implementation of the sorted view order requires the total number of views to be divisible 

by ETL2, the exact number of views will be dependent on the chosen ETL.  Fourier data 

collected with a diffusion preparation period and an ETL=16 are still above the noise 

level for most brain tissues.  To increase imaging speed and maintain a high SNR, this 

ETL is recommended.  Given an ETL=16, the closest value of 162 to the Nyquist criteria 

of 8579 views, is 8704.  From table 5.2 it is seen that the best RBW to use for an ETL=16 

with a diffusion preparation is 32KHz.  However as discussed previously, on the 

available scanner this RBW produces a bulls-eye artifact in the image.  A RBW=16KHz 

should be chosen for data collection.  It has also been shown, as expected from MR signal 

theory for TR < 5T1, that increasing TR will increase the SNR in an image.  To collect 

8704 views with an ETL=16 under 5 minutes, the maximum TR possible is 500ms.  This 

gives a scan time of 4.53 minutes.  
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VI. HIGH-RESOLUTION DIFFUSION TENSOR IMAGING 

 While DTI has become a useful tool for investigating the integrity of white 

matter, its utility is somewhat limited by the low spatial resolution of current single-shot 

techniques and signal drop out in areas of susceptibility near air/tissue interfaces.  Ideally, 

DTI would be carried out with small isotropic voxels to increase the consistency in tissue 

type within a voxel, and thus reduce partial voluming and provide more accurate 

measures of anisotropy.  In addition, there are neuropathologies affecting temporal lobe 

structures, which are typically not clearly visible with SSEPI. Recall that the second goal 

of this research was to develop a technique for high-resolution DWI in three dimensions 

without sensitivity to magnetic field inhomogeneity and/or motion while maximizing 

SNR.  For this purpose, the 3D DIFRAD-FSE sequence described in Chapter 4 was 

developed; its utility in DTI is evaluated here.   

 

3D DIFRAD-FSE FOR DTI 

 After the development of the 3D DIFRAD-FSE sequence, an initial DTI dataset 

was collected.  An individual 3D DIFRAD-FSE dataset was collected with diffusion 

weighting in each of the following diffusion directions: [1,0.62,0], [-1,0.62,0], [0,1,0.62], 

[0,-1,0.62], [0.62,0,1], [-0.62,0,1]  (indicating fraction of full positive or negative gradient 

strength along the [X, Y, Z] axes) (Hasan et al., 2001).  Three orthogonal slices from 

each of the diffusion directions are shown in Fig. 6.1.  Notice that all areas of the brain 

can be visualized, including the inferior temporal and anterior frontal lobes.  In addition, 

white matter tracts, e.g. the corpus callosum, internal capsule, and optic radiation, can be 
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Fig. 6.1  Three orthogonal slices from a 3D DIFRAD-FSE DTI dataset.  Imaging 
parameters: TE1=70ms, TR=500ms, steps=192, views=6144, ETL=8, RBW=16KHz, 
FOV=24cm, with b=500 s/mm2.  The diffusion directions are listed in the figure.  
Notice that there is signal drop out in the tissues of the diencephalon when a diffusion 
direction is used with a Z gradient component; the arrow points to an example.

(x,y) (-x,y) (y,z) (-y,z) (x,z) (-x,z)
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seen with variations in signal intensity for different diffusion directions. The elements of 

the diffusion tensor can be assigned using these six diffusion-weighted datasets.  This 

initial DTI dataset demonstrated the ability to collect full brain DTI with 1.25mm 

isotropic voxels.  However, the images contain some areas of signal drop out.   

 In Fig. 6.1, it can also be seen that for images in which the diffusion direction 

uses full gradient strength on the z-axis, an area of signal drop out (white arrow) near the 

ventricles and brainstem appears.  During the cardiac cycle, when blood is pumped from 

the heart, a bolus of blood travels to the brain.  Because the skull has a fixed volume, 

when the blood flows in, cerebral spinal fluid must flow out.  This fluid movement causes 

the brain to slightly change position and shape in a non-uniform manner.  Although the 

superior-inferior axis has the greatest velocities, in the range of 1.5mm/sec, there is 

movement observed in the two other orthogonal axes as well (Greitz et al., 1992).  The 

brain stem and connected tissues are most greatly affected; this type of motion has been 

described as  “funnel-shaped”, as if the tissue is being pulled by the spinal chord.  When 

diffusion weighting is applied, this motion causes phase errors in the data.  For multi-shot 

imaging, like radial-FSE, the errors present on each set of views may vary in TR periods.  

This spatially varied motion is not fully corrected by the magnitude FBP reconstruction 

algorithm, and images produced from such datasets may contain signal drop out in the 

areas affected by motion.   

 

Cardiac Gating 
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 The motion due to brain pulsatility during the cardiac cycle can be greatly 

reduced by triggering the data acquisition to the heartbeat (i.e. cardiac gating) (Conturo et 

al., 1995).  The original 3D FSE EPIC code did not allow cardiac gating.  In fact, cardiac 

gating is not an option in most of the commercial 3D EPIC sequences.  To allow cardiac 

gating, several changes were made.  First, an error check had to be removed for cardiac 

gating prescribed during a 3D acquisition.  When cardiac gating was selected, the 

function that calculates some of the scan timing parameters, e.g. when to execute the 90° 

RF excitation pulse, would fail.  Since the function itself could not be modified, the 

problem was circumvented by simply setting the sequence type to 2D FSE before this 

function call, and then setting it back to 3D FSE afterwards.  This allowed the timing 

parameters to be calculated properly from the heart rate (HR).  During data collection 

however, it was observed that the timing from excitation to excitation, i.e. the TR, was 

constant during the entire scan and did not change when the subject’s HR varied.  The 

trigger timing was not being updated during the scan.  This was the most elusive problem 

to find during all of the development of the cardiac gated 3D DIFRAD-FSE sequence.  

The solution, however, turned out to be straightforward.  For proper cardiac gating, one 

needs as many triggers as there are TR periods.  The trigger array needed to be adjusted 

in many parts of the code to contain the same number of triggers as echo trains.  With 

these changes, the 3D DIFRAD-FSE sequence was functional with all the cardiac gating 

options available.     

With cardiac gating available, the optimal delay time for DWI with radial-FSE 

sequences needed to be determined.  From the literature, a trigger delay time of 320 ms 
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post R-wave peak on an ECG was reported to give the most reliable tractography results 

using a single-shot EPI sequence for an averaged group of volunteers (Jones and 

Pierpaoli, 2005).  To determine if the optimal delay time varies between subject and/or 

HR, a study was performed with six subjects who had diverse HRs ranging from 50 to 88 

beats per minute (BPM).  We employed a pulse oxymeter to measure the HR as it is more 

convenient than attaching ECG leads.  A single axial diffusion-weighted image was 

collected for each subject at multiple delay times using the 2D DIFRAD-FSE sequence.  

Representative images are shown in Fig. 6.2 for a subject with HR = 50 BPM.  Note the 

variation in signal intensity in the Thalamus, which was chosen as the ROI for evaluation 

of motion.  The mean signal intensity in this ROI at different trigger delay times is shown 

as a plot in Fig. 6.3a.  The curves for each subject are plotted and were normalized to a 

maximum mean signal of 1.0.  The delay time was also calculated as a percent of the time 

needed for one cardiac cycle for each individual subject and plotted in Fig. 6.3b.  It can 

be seen that each subject has a unique curve of signal variation due to motion.  Although 

no single delay time is optimal for all subjects, it appears that the range of 23-27% of the 

cardiac cycle is a good choice for brain imaging when monitoring via pulse oxymeter, as 

that is when there is the least amount of signal drop out.  Two subjects were also scanned 

in two separate imaging sessions to evaluate the stability of the effect of HR on the 

optimal delay time.  The first subject had the same HR, 50 BPM, during the two imaging 

sessions and the second subject’s HR decreased by 10 BPM in the second imaging 

session.  The ROI plots are shown in Fig. 6.4a for the first subject and 6.4b and 6.4c for 

the second subject.  The shape of the curves, and therefore brain motion, seems consistent 
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Fig. 6.2 Images from 2D radial-FSE datasets collected with cardiac gating at different 
PG triggers. Imaging parameters: TE1=90ms, steps=256, FOV=26cm, RBW=16KHz, 
256 views, ETL=4,  -XZ diffusion direction, and b=750 s/mm2.  The intensity of the 
Thalamus varies greatly with different PG_triggers.
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Fig. 6.3 ROI analysis for data collected with 2D DIFRAD-FSE in the -XZ direction, 
imaging parameters listed in Fig. 6.2.  Data collection was cardiac gated with delay 
time measured from pulse oxymeter wave peak.  The subjects heart rate is listed in the 
legend with units of beats per minute.  The shape of the curves is unique for each 
subject.  When viewed as a percent of the cardiac cycle, b), there appears to be a 
useable delay time at ~25% of the cardiac cycle. 

a)

b)

50 
65
70
72
82

124



Subject 1

Delay (ms)

100 200 300 400 500 600 700

M
ea

n 
Si

gn
al

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

Subject 2

Delay (% CC)

10 20 30 40 50 60

M
ea

n 
Si

gn
al

0.2

0.4

0.6

0.8

1.0

Subject 2

Delay (ms)

100 200 300 400 500

M
ea

n 
Si

gn
al

0.2

0.4

0.6

0.8

1.0

Fig. 6.4  ROI analysis for two different subjects during two separate imaging sessions.  
The shape of the curve, or Thalamus motion, is consistent for each subject regardless 
of heart rate. When viewed as a percent of the cardiac cycle, c), the optimal delay time 
for each subject and imaging session  is consistent.

82 BPM
72 BPM

50 BPM
50 BPM

a)

b) c)

125



 

for each subject regardless of HR.  When the delay time is calculated as a percent of the 

cardiac cycle, the maximum signal intensity, and thus optimal delay time, occurs at the 

same value.  Interestingly, Pierpaoli et. al. published an abstract in which a general 

equation was given to convert peripheral gating delays (PG trigger), from a pulse 

oxymeter, to ECG delay times (ECG trigger) (Pierpaoli et al., 2003). 

  250ECG trigger PG trigger ms= +  (41) 

They concluded that any time after 220ms of the ECG trigger would be during the 

diastolic phase when brain motion should be minimal.  From EQ 41, this would mean 

that any time after a PG trigger of 30ms, the brain should have minimal motion.  The 

optimal ECG trigger determined by Jones et. al. of 320ms has the equivalent PG trigger 

of 70ms.   The curves of signal drop out measured in Fig. 6.3 all occur during diastole 

and significant motion effects are observed.  Although Jones et. al. calculated some 

variability between the diastolic time points, my conclusion is that diffusion-weighted 

images collected with radial-FSE sequences are more sensitive to subtle brain motion 

than single-shot EPI. 

 Having determined an usable and stable trigger delay time for subject 1, a whole 

brain cardiac gated 3D DIFRAD-FSE DTI dataset was collected with 1.7mm isotropic 

resolution.  Three orthogonal slices from the non-diffusion-weighted and each of the six 

diffusion direction datasets are shown in Fig. 6.5.  It can be seen that the entire brain stem 

is visible without any signal drop out due to brain pulsatility.  It can also be seen that all 

areas of the brain can be measured including the inferior temporal and anterior frontal 

lobes.  Looking at the axial slices, it is clear that the head changed position during this 
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Fig. 6.5  Three orthogonal slices from 3D DIFRAD-FSE datasets.  Imaging 
parameters: TE1=90ms, steps=128, views=8192, ETL=8, RBW=16KHz, FOV=22cm, 
and cardiac gated with PG_trigger=225ms.  The b=750s/mm2 with the diffusion 
directions listed in the figure.  Notice there is no signal drop out in the brainstem or
diencephalon due to pulsatility. 

127



Fig. 6.6  a)-g) are 3D cutaways of the datasets shown in Fig. 6.5 aligned to the b=0 
image, a).  h) is the calculated FA map.  Notice FA values can be measured for all 
white matter tracts of the brain, including the temporal stem (white arrow) and 
internal capsule.  However, FA values in cortical gray matter are measured up to 0.35, 
which is greater than typical gray matter values of 0.1. 

a) b) c) d)

e) f) g) h)
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relatively long 2-hour exam.  Before anisotropy values could be calculated, the datasets 

were aligned to the non-diffusion-weighted dataset using rigid body translation and 

rotation corrections using the Statistical Parametric Mapping (SPM2) image processing 

program (Frackowiak et al., 1997).  Anisotropy parameters were then calculated from the 

aligned datasets using a software program DTIstudio (Jiang et al., 2006).  Coronal 3D 

cutaways of the aligned datasets and the calculated FA map are shown in Fig. 6.6.  The 

splenium of the corpus callosum has an SNR = 51 in the b = 0 s/mm2 image (Fig. 6.6a).  

High FA values are measured not only for major white matter tracts, like the internal 

capsule, but within smaller structures, such as the temporal stem (see arrow in Fig. 6.6h).  

Furthermore, anisotropy values can also be measured in the region of the hippocampus 

and temporal pole, which are difficult to investigate using EPI methods. 

 

Remaining Issues with Radial-FSE Data Acquisition for DTI 

 Although the cardiac gated 3D DIFRAD-FSE pulse sequence produces diffusion-

weighted images with few visible artifacts, quantitative FA values contain some error.  

The FA value typically calculated for cortex in radial-FSE DTI is ~0.35.  This is in 

comparison to DTI from EPI datasets, which have a value of 0.1 or less in the cortex.  

Investigation into this discrepancy has yielded evidence for both eddy-current and 

stimulated echo effects, which are different for each diffusion direction.  This effect is 

signal variation between the individual datasets that is not due to diffusion.  This 

variation can be seen in the temporal lobe of the axial slice from the (-x,y) diffusion 

direction dataset in Fig. 6.5.  The signal variation is calculated as FA because it is 
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direction dependent.  The same error was observed in DTI datasets collected with the 2D 

DIFRAD-FSE sequence with the strongest effect in datasets collected using an 8-channel 

head coil on the 3T scanner. 

 The determination of stimulated echo corruption came using the 2D DIFRAD-

FSE sequence and the 8-channel coil on the 3T scanner.  The 10mm tubes of gel 

previously described were used to avoid any confounding subject motion.  Datasets were 

collected with no diffusion preparation, spin-echo preparation, and the eddy-current 

compensated dual-spin echo preparation both with and without diffusion gradients.  The 

gel phantom images and corresponding plots of Fourier data are shown in Fig. 6.7.  When 

no diffusion preparation time is present, the image does not contain signal variation 

because stimulated echoes occur at the same time point as spin-echoes.  It does contain a 

tuning-fork artifact, which was later determined to be from poor shimming.  With the 

spin-echo preparation added and no diffusion gradients, the signal variation is present and 

extra echoes can be seen in the Fourier data that are shifted from the spin-echo.  When 

diffusion gradients are added, even with small amplitudes of (0.1,0.1,0.1), the echoes are 

dephased and no artifacts are present in the image.  With the eddy-current compensated 

preparation added but no diffusion gradients, the signal variation is present though subtle.  

When diffusion gradients are added the artifact is stronger.  The path of the spin-echo 

(SE) and two different stimulated-echoes (STE) are diagramed in Fig. 6.8 and 6.9, 

respectively.  The STE that seems to be causing the signal variation artifact originates 

from the first three 180° RF refocusing pulses. In the spin-echo preparation case 

diagramed in Fig. 6.8, the 2nd diffusion gradient dephases this STE and no subsequent 
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Fig. 6.7  Single slice datasets collected using the 2D DIFRAD-FSE sequence.  
Imaging parameters: steps=128, 128 views, TR=2000ms, ETL=4, RBW=16KHz, 
FOV=26cm, and 5mm slice thickness.  a) contains no diffusion preparation time.  b)-
d) has a spin-echo diffusion preparation with TE1=150ms and the listed diffusion 
amplitude.  e)-g) has an eddy-current compensated diffusion preparation with 
TE1=70ms and the listed diffusion amplitude.  Notice that all the eddy-current 
compensated images contain a signal variation artifact.  Only the dataset with a 
diffusion amplitude of (0,0,0) contains the artifact with the spin-echo preparation.
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Fig. 6.8  Diagram of the spin-echo diffusion preparation scheme and paths of the spin-
echo (SE) and stimulated echoes (STE).  Both stimulated echoes are dephased by one 
of the two diffusion gradients and no subsequent gradients rephase it.  

RF
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Fig. 6.9  Diagram of the eddy-current compensated diffusion preparation scheme and 
paths of the spin-echo (SE) and stimulated echoes (STE).  For the stimulated echo that 
begins with the 90° RF excitation pulse, the first and fourth diffusion gradients 
combine in dephasing the echo.  For the stimulated echo that begins with the 180° RF, 
the second diffusion gradient dephases the echo and the third diffusion gradient 
rephrases the magnetization.  However, the time to echo is much longer than that of 
the desired spin-echo.
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gradients rephase it.  In the eddy-current compensated case diagramed in Fig. 6.9, the 2nd 

diffusion gradient dephases the STE and the 3rd diffusion gradient rephrases the 

magnetization.  Following this logic, the STE sees a much smaller b-value, ~365s/mm2, 

compared to the SE, 1000s/mm2, and thus has a larger relative signal in the case of the 

eddy-current compensated preparation with diffusion gradients present.  With the 

evidence of STE corrupting eddy-current compensated DWI datasets, a 2D DIFRAD-

FSE DTI dataset was collected with a spin-echo preparation and the corresponding 

images are shown in Fig. 6.10.  The gel phantoms were placed in a constant orientation 

along the B0 field to improve shimming; there is no tuning fork artifact present.  It is clear 

that the signal variation artifact is not present in any of the images.  However, it is also 

clear that the signal intensity is not the same for each diffusion direction.  Consequently, 

this dataset still produced errors in the calculated FA map shown in Fig. 6.10.  The 

average FA value for all gel phantoms is 0.4.  It is concluded that the residual error is 

most likely due to eddy-current effects that will be dependent on the diffusion direction.  

This is a likely explanation because the spin-echo diffusion preparation does not have 

eddy-current compensation. Two possible ways to reduce eddy-current effects are to 

increase the preparation time as to allow for eddy-currents to die away, or to reduce the 

slew rate of the diffusion gradients. 
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b) c) d)

e) f) g) h)

a)

Fig. 6.10  b)-g) are images from each of the six diffusion directions for a DTI  dataset. 
Imaging parameters: TE1=70ms, TR=2000ms, steps=128, views=128, ETL=4, 
RBW=16KHz, FOV=26cm, with b=1000s/mm2. The b=0 image and calculated FA 
map are shown in a) and  h) respectively.  Notice that the images do not contain 
artifacts, but do have varying degrees of intensity for the different diffusion directions.  
The average FA value for all gel phantoms is 0.4. 
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VII. SUMMARY AND FUTURE WORK 

 The 2D isotropic radial-FSE sequence has been successfully developed, analyzed, 

and has been adapted and compiled for three levels of EPIC software: LX 9.1, and Excite 

11.0 and 12.0.  It is currently being used in a clinical research project.  The project is a 

collaboration with Drs. Robert Gillies and Alison Stopeck.  The purpose of this research 

is to determine the utility of DWI for monitoring metastases response to chemotherapy 

treatment.  The hypothesis is that tumor response can be detected after a few days of 

treatment compared to several weeks required for current evaluation, i.e. tumor size 

reduction.  Data are being collected for bone metastases, which is a common location for 

metastatic breast cancer patients.  The 2D isotropic radial-FSE sequence was chosen for 

DWI because the reconstructed images do not contain distortions and warping like 

SSEPI.  Therefore, ROIs selected on anatomical MRI can be used directly on images 

reconstructed from isotropic radial-FSE.  In addition, the parameter used for the 

determination of response to chemotherapy is the ADC.  Only one non-diffusion-

weighted and one isotropiclly diffusion-weighted image are needed, making the 

additional time required for radial-FSE insignificant.   

 The 3D isotropic radial-FSE sequence has been successfully developed, analyzed, 

and is available for EPIC software level LX 9.1.  If used with cardiac gating, it is capable 

of collecting whole brain isotropic diffusion-weighted images with small equal dimension 

voxels with insensitivity to common types of motion.  However, its utility is restricted 

because of the long scan times required.  If there was a desire to acquire high-resolution 

ADC maps or to thoroughly characterize the shape of a lesion in three dimensions, and 
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the subject could tolerate longer scan times, then this sequence might be useful. 

 The 3D DIFRAD-FSE sequence with or without cardiac gating has been 

developed and is available for EPIC software levels LX 9.1 and VH3 M4. There are 

several issues remaining before accurate quantitative anisotropy values can be obtained 

with DIFRAD-FSE.  As described in Chapter 6, being errors due to stimulated echoes 

and/or eddy currents.  One possibility for a diffusion preparation period that would 

reduce eddy-currents and corruption from STE is to use an asymmetric eddy-current 

compensated preparation where the area of diffusion gradient pairs are not equal, as 

diagramed in Fig. 7.1.  By making the area of the 1st and 3rd diffusion gradients equal but 

different than that of the 2nd and 4th, the path of the SE will still be refocused and acquire 

a full b-value.  The path of the STE however, will see gradients with two different areas 

and maintain some phase dispersion.  Another issue that needs to be addressed is the very 

long scan time required for a DTI dataset using 3D DIFRAD-FSE.  The collection is 

quite inefficient with only a small number of views collected every 500-1000ms (in the 

case of a cardiac gated acquisition).  One possible solution is to collect as many lines as 

possible every echo train and post-process the data to remove those views that have been 

corrupted with phase due to pulsatility or those with signal in the noise level.  An 

alternative solution is to obtain a slow, high SNR dataset that contains information about 

all the DTI diffusion directions in one scan, similar to the isotropic diffusion preparation, 

but with six directions.  The dataset could then be post-processed in a similar fashion as 

the T2 maps described by Altbach et. al. (Altbach et al., 2002).  This method has been 

developed for 2D DIFRAD-FSE datasets with promising results (Newbould et al., 2004). 
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Fig. 7.1  Diagram of the asymmetric eddy-current compensated diffusion preparation 
scheme.  The areas of the first and third diffusion gradients are adjusted to be different 
than that of the second and fourth diffusion gradients.  The combination of the first 
and second gradients are still equal to that of the third and fourth for a proper 
diffusion preparation for the spin-echo.  By adjusting the second and third diffusion 
gradient to be unequal, the stimulated echo will not be rephased.  
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