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ABSTRACT 

 

        T1 and T2 contrast agents have been widely used to enhance magnetic resonance 

imaging (MRI) performance. Dual-mode contrast agent (DMCA) integrated with 

properties from both T1 and T2 contrast agents combine imaging modalities and have 

advantages over single-mode contrast agents. Applying algorithms to the image 

processing can greatly enhance DMCA MRI.	 

        Various computational approaches to obtain MRI with better quality were 

investigated through DMCA MR image fusion. Five algorithms: AND Gate (AND), 

Contrast Division (CD), Nearest Neighbor Method (NNM), Gradient Highlight (GH), and 

Controlled Gradient Highlight (CGH), were developed and studied. By using dual-mode 

MRI contrast agent and image fusion algorithms, the sensitivity and spatial resolution of 

MRI can be enhanced significantly.  

        In addition, magnetic particle hyperthermia (MPH) is a promising cancer treatment 

that is based on local hyperthermia of tumors. MPH uses magnetic particles to absorb 

energy from an alternating magnetic field and convert it into heat. Fluorescent 

microthermal imaging (FMI) is a technique to measure temperature variations on 
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microscopic length scales by imaging a dye with a strong temperature-dependent 

fluorescence emission. FMI for MPH was developed and performed on 

thenoyltrifluoroacetonate (EuTTA)/iron oxide/polymethyl methacrylate(PMMA) films. 

FMI temperature maps were obtained and showed that the temperature of the sample film 

continued to increase after being exposed to an alternating magnetic field, and the heating 

effect decreased with increasing distance to the heating source. This study showed that 

the temperature distribution of MPH can be obtained by FMI, which has significant 

advantages over traditional calorimetric measurements. 
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1.    Multimodal Magnetic Resonance Image Fusion 

 

“Seeing is believing.” 

- John Clarke, 1639 

 

        MRI has become an important and powerful tool used in both clinical and research 

applications since it was first implemented for imaging the human body by Damadian [1]. By 

providing high-spatial-resolution anatomical images in a 3D noninvasive manner, MRI has 

become one of the top choices for diagnostic imaging in medical science. An important 

advantage of MRI is that rather than other imaging modalities depending on ionizing radiation 

like X-ray and Computer Tomography (CT), it relies on the phenomenon of Nuclear Magnetic 

Resonance (NMR), which uses the magnetic properties of protons. 

        The NMR phenomenon, independently discovered by groups headed by Bloch [2] and 

Purcell [3], is based on the interaction between an external oscillating magnetic field and the 

nuclei of molecules. Both Bloch and Purcell were awarded the Nobel Prize in Physics in 1952 

for this discovery. Certain nuclei with a non-zero magnetic moment, such as 1H, 11B, 13C, 19F, 

and 23Na, if placed in a static magnetic field B0, will experience a subsequent perturbation after 

applying another external oscillating magnetic field B1. MRI diagnostics uses this property for 

hydrogen nuclei, because they are abundant in all body tissues in the form of water molecules. 

        When a strong magnetic field, B0, is generated in the MRI scanner, it first causes the net 

magnetization of the hydrogen nuclei to align along the field direction, which without loss of 

generality, I take to be the z direction. The NMR phenomenon is observed when a secondary 
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oscillating magnetic field, B1, transfers energy into the system and breaks magnetization 

equilibrium. After the excitation, B1 is turned off, nuclei return to equilibrium, and the return 

process is called relaxation. In MRI, there are two independent relaxations. One is T1 (spin-

lattice) relaxation that causes the recovery of magnetization z component, and the other is T2 

(spin-spin) relaxation that causes the decay of magnetization xy components. During the 

relaxations, the emission of electromagnetic (EM) radiation can be detected by antennas (a 

radiofrequency (RF) coil). The signal is measured as a function of space and can be 

reconstructed into a gray scale image to achieve a detailed description of body tissues. Since 

MRI has two relaxations and the signal comes from the obtained magnetization during the T1 

relaxation and T2 relaxation, MRI are usually categorized into two different modes of T1-

weighted and T2-weighted images, which are measured seperately. 

        The relaxation time is very sensitive to the local environment and depends on the proton 

density and tumbling rate. Image contrast is related to relaxation times, which are very different 

among various tissues. Therefore, it is possible to distinguish between tissues from MR image.  

A faster T1 relaxation gives a brighter contrast in a T1-weighted image, while a faster T2 

relaxation gives a darker contrast in a T2-weighted image. MRI contrast agents are contrast 

media used to tune the relaxation times. T1 contrast agents, by accelerating T1 relaxation, can 

significantly enhance the T1-weighted images. T2 contrast agents can provide dark signal 

enhancement by accelerating T2 relaxation. However, currently clinical approved T1 contrast 

agents, despite their brightening effect, lack sensitivity because changing the concentration of T1 

contrast agents hardly changes their relaxation times [4]. For T2 contrast agents, although they 

have high detection sensitivity, their inherent darkening effect and the weakened MR signal limit 

their applications. As a result, even with the use of contrast agents, the desired image quality of 
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MRI is sometimes not achieved, although MRI has been widely used because it still has 

advantages over other imaging modalities. 

        Over the past decades, there has been increasing interest in combining imaging modalities, 

such as MRI-CT fusion. However, little work has been done on the enhancement of dual-mode 

T1 and T2 MRI contrast agents by applying algorithms to the image processing. Although dual-

mode contrast agents can generally mean contrast agents integrated with properties for two 

different modalities, I will refer to MRI dual-mode T1 and T2 contrast agent as dual-mode 

contrast agent (DMCA) in this work. Recently, Shin et al. [5] used T1 and T2 dual-mode artifact 

filtering nanoparticle imaging agents to enhance MRI accuracy.  This method uses an “AND 

logic gate” algorithm to eliminate artifacts from the raw data. However, the AND logic algorithm 

requires assuming arbitrary threshold levels, and frequently eliminates weak but crucial 

information. Thus, more sophisticated algorithms should be developed to enhance the quality of 

T1-T2 fused images. 

        The first half of this dissertation addresses the above issue. Chapter 2 and 3 review the 

basics of MRI and MR image quality enhance methods. In Chapter 4, I prepared spatially 

varying samples of DMCA. In Chapter 5, 6, and 7, I used simulated images and experimentally 

obtained MR images to test various computational approaches that I developed to obtain MRI 

with better quality. By using DMCA and image fusion algorithms, the sensitivity and spatial 

resolution of MRI can be enhanced significantly. 
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2.    Basic Principles of Magnetic Resonance Imaging 

 

2.1    Nuclei in a Magnetic Field 

         

        The most common source of magnetization in current MRI is the water proton (1H). 1H 

possesses intrinsic spin angular momentum and hence a magnetic moment: 

𝜇 = 𝛾Tℏ𝐼,                                                                (2.1) 

where 𝜇 is the magnetic moment, ℏ𝐼 is the angular momentum, and 𝛾T	is a constant called the 

proton gyromagnetic ratio. 𝐼 and 𝛾T of 1H are W
'
 and 2.675×10X s-1T-1, respectively [6]. Hydrogen 

protons in an arbitrary tissue have spin vectors of equal magnitude, but randomly oriented, so 

that the sum of these vectors is zero, i.e., there is no net magnetization. When these nuclei are 

placed in a magnetic field B0 along the z axis, the component of magnetization along the z axis is 

quantized. Nuclei can only adopt two energy states: a lower energy state 𝐸W ' if the net z 

component of 𝜇 is parallel to B0, and a higher energy state 𝐸-W ' if the net z component of 𝜇 is 

anti-parallel to B0. The adopted energies of nucleus due to B0 can be written as 

𝐸 = −𝜇 ∙ 𝐵+ = ± W
'
𝛾Tℏ𝐵+.                                               (2.2) 

Thus, the two energies are 

𝐸±W ' = ∓𝛾Tℏ𝐵+ 2.                                                    (2.3) 

In thermal equilibrium, the probability that a nuclei is in a state of energy Ei is given by 

𝑝_ =
`abc de

`abf deg
fhi

 ,                                                      (2.4) 
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where 𝑝_ is the probability of state i, Ei is the energy of state i, 𝑘 is the Boltzmann constant, T is 

the temperature of the system, and N is the number of states. The probability of obtaining the 

lower energy state is  

𝑝↑ =
`ab↑ de

`ab↑ dek`ab↓ de =
`mnℏop/qde

`mnℏop/qdek`amnℏop/qde
 ,                            (2.5) 

where 𝑘 = 1.38×10-'EJ∙K-W and ℏ = 1.054×10-Er	J∙s. At room temperature T= 300 K, 

𝑝↑ =
`t.upv×ip

awop

`t.upv×ipawopk`at.upv×ipawop
.                                       (2.6) 

If 𝐵+ = 1.5T, 

𝑝↑ = 0.50000255389.                                             (2.7) 

        This number, although greater than 0.5, is very close to 0.5. This indicates the parallel spins 

and antiparallel spins are nearly equal, so only a small portion of spins are expected to be found 

in the lower energy state. To get a clearer view of distribution, if n is the total number of nucleus, 

then the number difference in two states is  

𝑛↑ − 𝑛↓ = 𝑛 `ab↑ de

`ab↑ dek`ab↓ de − 𝑛
`ab↓ de

`ab↑ dek`ab↓ de = 𝑛 `∆b/de-W
`∆b/dekW

≈ 𝑛 ∆|
'}~

 .             (2.8) 

When 𝐵+ = 1.5T, T= 300 K 

𝑛↑ − 𝑛↓ ≈ 0.5𝑛×10-�.                                               (2.9) 

It also indicates the difference in occupancy is only a part per million. Therefore, MRI is 

insensitive compared to other imaging modalities. Since there is a lot of 1H in human body, we 

can still use MRI, but for this reason, we do not use other elements, such as Na or P. 

        While responding to the field, the spins will undergo a precessional motion about the z axis, 

as is shown in Fig. 2.1. This precession has a characteristic frequency	𝜔 given by 

𝜔 = ∆|
ℏ

,                                                           (2.10) 
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where ∆𝐸 is the energy difference between the lower state and the higher state. From Eq. (2.3), 

this precession rate can be written as 

𝜔 = 𝛾T𝐵+,                                                        (2.11) 

which is also known as the Larmor frequency. Because the components of 𝜇 in the plane 

perpendicular to B0 (transverse plane) are randomized, the equilibrium magnetization has no net 

xy component. 

 

Figure 2.1: The magnetic moment 𝝁 undergoes a precessional motion about B0. 

 

2.2    Motion of Magnetic Moments 

 

        As described above, when the hydrogen spins are in thermal equilibrium in an applied static 

B field, they are in one of two possible energy states and there is a net z magnetization. To 

achieve a transition from the lower energy to the higher energy, hydrogen spins must absorb 

energy. When an oscillating magnetic field with a frequency the same as Larmor frequency is 
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applied, it can then transfer energy into the system. The oscillating field changes the direction of 

the local magnetic field, which affects the precession of the spins. The amount of energy 

transferred depends on the time the oscillating field is applied. It places the spin magnetization z 

components into a nonequilibrium distribution and synchronizes the xy components. Such an 

oscillating field can be applied along any axis in the xy plane as a RF pulse. The amount that the 

z magnetization is changed can be controlled by the duration of pulse. 

        In classical electromagnetism, the motion of magnetic moment in an external field can be 

described as 

𝑑𝜇 𝑑𝑡 = 𝛾T𝜇×𝐵+ ,                                                       (2.12) 

and the solution of this equation is 

𝜇� 𝑡 = 𝜇� 0 cos𝜔𝑡 + 𝜇� 0 sin𝜔𝑡,                                     (2.13) 

𝜇� 𝑡 = 𝜇� 0 cos𝜔𝑡 − 𝜇� 0 sin𝜔𝑡,                                   (2.14) 

and                                                            𝜇� 𝑡 = 𝜇� 0 ,                                                       (2.15) 

When an oscillating field 𝐵W of frequency 𝜔 is applied, Eq. (2.12) becomes 

𝑑𝜇 𝑑𝑡 = 𝛾T𝜇×(𝐵+ + 𝐵W).                                               (2.16) 

To simplify the picture, a rotating frame around the z axis at 𝜔rf is introduced. The coordinate 

axes are transformed as 

𝚤 = 𝚤 cos𝜔rf𝑡 − 𝚥 sin𝜔rf𝑡,                                                 (2.17) 

𝚥� = 𝚥 cos𝜔rf𝑡 + 𝚤 sin𝜔rf𝑡,                                                 (2.18) 

and                                                                   𝑘′ = 𝑘.                                                             (2.19) 
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When the static field is 𝐵+𝑘, the effective magnetic field in the rotating frame is 

𝐵eff = 𝐵+ −
�rf
�

𝑘.                                                 (2.20) 

In the special case that 𝜔rf = 𝐵+𝛾T, 𝐵eff = 0. Based on Eq. (2.13)- Eq. (2.15) and Eq. (2.17)-Eq. 

(2.19), magnetic moment in the rotating frame can be described as  

𝜇�′ 𝑡 = 𝜇� 0 ,                                                         (2.21) 

𝜇�′ 𝑡 = 𝜇� 0 ,                                                        (2.22) 

and                                                           	𝜇�′ 𝑡 = 𝜇� 0 ,                                                       (2.23) 

which is stationary. 

        If an oscillating magnetic field B1 with RF frequency 𝜔rf is applied perpendicular to z axis 

that 

𝐵W� = 𝐵W cos(𝜔rf𝑡),                                                    (2.24) 

𝐵W� = −𝐵W sin(𝜔rf𝑡),                                                   (2.25) 

and                                                                 𝐵W� = 0,                                                             (2.26) 

then the effective magnetic field in the rotating frame is  

𝐵eff = 𝐵+ − 𝜔rf 𝛾T 𝑘� + 𝐵1𝑖′.                                        (2.27) 

At resonance 𝜔rf = 𝛾T𝐵+, Eq. (2.27) becomes 

𝐵eff = 𝐵1𝑖′,                                                          (2.28) 

and B1 causes the spins to precess about the 𝑥′ axis in the rotating frame with frequency 𝜔W =

𝛾T𝐵W. Therefore, a B1 pulse is able to cause magnetic moment to rotate from the z axis to the xy 

plane (90-degree rotation) when 𝜔W𝑡 =
�
'
 and 𝑡 = 𝜋 2𝛾T𝐵1. If a pulse is applied for 𝑡 = 𝜋 𝛾T𝐵1, 
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it is then a 180-degree pulse and can rotate magnetic moment by 180-degrees in the rotating 

frame. 

        At time t, magnetic moment in the rotating frame becomes 

𝜇�′ 𝑡 = 𝜇� 0 ,                                                    (2.29) 

𝜇�′ 𝑡 = 𝜇� 0 cos𝜔W𝑡 + 𝜇� 0 sin𝜔W𝑡,                                  (2.30) 

and                                        𝜇�′ 𝑡 = 𝜇� 0 cos𝜔W𝑡 − 𝜇� 0 sin𝜔W𝑡,                                  (2.31) 

where 𝜔W𝑡 = 𝛾T 𝐵W(𝑡) 𝑑𝑡
�
+ . 

        After a 90-degree or 180-degree pulse is applied, hydrogen spins flip to the higher energy 

state and acquire specific magnetization phase. However, once the pulse stops, they will relax 

back to their initial status via two relaxations.  

 

2.3    Relaxation 

 

        When 𝐵W is removed, hydrogen protons immediately begin to return to their original 

equilibrium orientation. There are two independent processes that govern the relaxation. One is 

spin-lattice relaxation due to the interaction between spin and the surroundings (T1 relaxation), 

and the other is spin-spin relaxation due to internuclear interactions (T2 relaxation). T1 relaxation 

causes the longitudinal magnetization Mz to return to its equilibrium state with emission of 

energy into the surroundings, while T2 relaxation causes decay of the transverse magnetization 

Mxy through randomizations of the phase. 

        According to Bloch [7], the relaxation of Mz can be described as 

𝑀� 𝑡 = 𝑀�,eq − (𝑀�,eq −𝑀� 0 )𝑒-� ~i,                                        (2.32) 
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where 𝑀�,eq is the thermal equilibrium value of z component, 𝑀�(0) is the z component after 

excitation, and T1 is a constant known as the spin-lattice or longitudinal relaxation time. For the 

case that the magnetization is tilted into the xy plane after a 90-degree pulse, 

𝑀� 0 = 0                                                             (2.33) 

and                                                  𝑀� 𝑡 = 𝑀�,eq(1 − 𝑒-� ~i).                                             (2.34) 

The relaxation time for a particular tissue is the time required for 𝑀� to recover to approximately 

63% (𝑒-W) of its equilibrium value (Figure 2.2). 

  

Figure 2.2: Various tissues have different T1(left) and T2 (right) relaxation after a 90-degree 
pulse. All values used in plotting are based on Table 2.1. [8] 

 

        Immediately after excitation, all spins precess synchronously, but as time goes on, phase 

coherence will be lost as some spins go ahead while the others fall back due to magnetic 

interactions between nucleus and local inhomogeneity in the magnetic field. Eventually, the net 

transverse magnetization 𝑀�� will decrease and finally disappear. 𝑀�� as a function of time is 

given by 

𝑀�� 𝑡 = 𝑀�� 0 𝑒-� ~q,                                             (2.35) 
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M
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where 𝑀�� 0  is the initial xy component after excitation and T2 is known as the spin-spin, or 

transverse relaxation time. It indicates that the transverse magnetization vector drops to 37% of 

its original magnitude after T2. This dephasing time T2 is always less than or equal to T1. Figure 

2.2 shows the T1 and T2 relaxation for cerebrospinal fluid (CSF), grey matter, and white matter, 

where all values used in plotting are based on Table 2.1 [8].  

        In practice, magnetic fields are usually fluctuating in time. There are several possible 

reasons. Imperfections in magnet manufacturing and other sources of metal may lead to the 

nonuniformity of B0. Various degree of magnetic polarization in adjacent tissues may distort the 

local magnetic field. Imaging gradients can also generate inhomogeneity. As a result, a more 

rapid decay, known as T2
* decay is normally observed. The rate of T2

* decay can be written as 

1 𝑇'∗ = 1 𝑇' + 1 𝑇'�,                                                (2.36) 

where 𝑇'� is a time constant that is due to the magnetic field inhomogeneity. 

 

2.4    Pulse Sequence 

 

Dephasing of spins due to magnetic field inhomogeneity is so fast that it causes signal loss and 

makes MRI detection hard. This is significantly improved by the spin echo effect discovered by 

Hahn, as shown in Fig. 2.3 [9]. A 90-degree pulse (with respect to 𝐵+)  is applied and rotates 

magnetization into the transverse plane. After time 𝜏, a 180-degree pulse (with respect to 𝐵+) is 

applied and inverts the transverse components of the dipole moment. If there were no dephasing, 

at time 2𝜏, the magnetic moments would be aligned again and regain their transverse coherence. 

This reconstruction of phase coherence induces a spin-echo signal. 2𝜏 is referred to as the echo 

time (TE). 
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Figure 2.3: Spin-echo signals are produced by a sequence of 90 and 180-degree pulse. 

 

        To measure the transverse relaxation time T2, a spin-echo train proposed by Hennig [10] is 

commonly adopted. It uses a 90-degree pulse followed by a series of 180-degree pulses to 

reconstruct phase coherence at a time 2𝜏, which is when the signal is measured. Successive 180-

degree pulses are applied at (2𝑛 − 1)𝜏, and spin echoes happen at 2𝑛𝜏 or 𝑛TE, where 𝑛 =

1, 2, 3, … The transverse relaxation time, T2, can be obtained by observing spin echo signals at 

intervals of TE. Signal intensity at each TE interval is a local maximum, but is decreased with 

time due to the relaxation of transverse magnetization. The delay time between a 90-degree 

excitation pulse and the next 90-degree pulse is called the repetition time (TR). This spin echo 

pulse sequence, also known as rapid acquisition with relaxation enhancement (RARE), is shown 

in Fig. 2.4.  
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Figure 2.4: Spin-echo pulse sequence of a 90-degree excitation pulse is followed by four 
180-degree pulses. 

 

        MRI are usually categorized into two different modes: T1-weighted and T2-weighted 

images. TR and TE can be selected to emphasize certain image contrast weighting. When TE≪

𝑇', Eq. (2.35) becomes 𝑀�� 𝑡 ≈ 𝑀�� 0 , and 𝑇' decay largely disappears. Conversely, if long 

TE is used, 𝑇' decay becomes more noticeable. Similar relation between T1 and TR can be built 

based on Eq. (2.34), i.e., short TR eliminates T1 effect, while long TR makes T1 effect prominent. 

Thus, T1-weighted image uses short TR (≪ 𝑇W) and short TE (≪ 𝑇'), while T2-weighted image 

uses long TR (3𝑇W~5𝑇W) and long TE (3𝑇'~5𝑇').  

 

2.5    Image Contrast  

 

From Eq. (2.34) and Eq. (2.35), a faster T1 relaxation rate gives a high signal and results in a 

brighter image pixel in T1-weighted images because tissues with shorter T1 will have their 

longitudinal magnetization restored faster, while a faster T2 relaxation rate gives a weaker signal 
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and results in a darker image pixel in T2-weighted images because the transverse magnetization 

decays more rapidly with a shorter T2. Image contrast in MRI comes from the differences in 

relaxation time in different tissues. The differences in T1 and T2, as shown in Table 2.1 and Fig. 

2.2, can be translated into image contrast, and hence allow the detection of anatomical structures 

and pathologies, because most lesions are associated with an increase of free water in tissues, 

which increases its T1 (the brighter in T1 image) and decreases T2 (the darker in T2 image).  

        In most MRI, the grey scale pixel intensity depends on the strength of the magnetization 

signal that is emitted by each voxel. A voxel is the volume of tissue correlated to a single image 

pixel. The stronger the signal is, the brighter the correlated image pixel will be. This will be 

discussed in detail later in Chapter 6. Since T1 and T2 are very different among various tissues, it 

is possible to distinguish between tissues from grey scale MRI.  

 

Table 2.1: Approximate values of relaxation times at 1.5 Tesla. [8] 

Tissue T1 relaxation (ms) T2 relaxation (ms) 

Cerebrospinal fluid (CSF) 2650 280 

Gray Matter 920 101 

White Matter 790 92 

Liver 490 43 

Skeletal muscle 870 47 
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3.    MRI Performance Enhancement 

 

3.1    Contrast Agents 

 

        Variation in the relaxation time in different tissues creates contrast in MRI. However, when 

the contrast difference between a region of interest (ROI) such as a tumor and its surrounding is 

marginal, it is difficult to detect malignancy. Certain materials, called contrast agents, can be used 

to enhance MRI performance by locally altering T1 and T2 times. Today, 30% of MRI diagnoses 

are implemented by contrast enhancement [11]. Contrast agents are materials with intrinsic 

properties that can alter the relaxation times by changing the density of protons, accelerating 

longitudinal magnetization recovery or the transverse decay process, or changing the Larmor 

frequency. 

        Contrast agents are classified into T1 and T2 contrast agents based on their relaxivity 

coefficients. Changes in T1 and T2 due to contrast agents can be written as [12] 

W
~i 
= W

~i
+ 𝑟W𝐶                                                          (3.1) 

and 

W
~q 
= W

~q
+ 𝑟'𝐶,                                                         (3.2) 

where 𝑇W�  and 𝑇'�  are the observed relaxation times, T1 and T2 are the relaxation times without 

contrast agent, C is the molar concentration of the contrast agent, and r1 and r2 are the relaxivity 

coefficients of the contrast agent. To be an effective T1 contrast agent, a high r1 is needed, while a 

high r2 value is crucial for a T2 contrast agent. 
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        The primary mechanism of T1 contrast agent is spin interaction between electron spin from 

the open sites at the metal-containing paramagnetic contrast materials and water protons in 

tissue. Paramagnetic ions with unpaired electrons (e.g. Gd3+, Mn2+) can effectively accelerate the 

T1 relaxation process. T1 contrast agents, like the well-known Gd-DTPA (a chelate composed of 

gadolinium ions and diethylenetriaminepentaacetic acid) [11] can improve pathological detection 

through reducing T1 relaxation times of tissue water and increasing T1 image intensity.  

        Alternatively, T2 contrast agents, also known as susceptibility agents, can generate induced 

local magnetic field and cause local magnetic perturbations. This inhomogeneity makes 

dephasing process more rapid, resulting in a faster T2 relaxation. One of the best known and 

commercialized T2 contrast agents is superparamagnetic iron oxide (SPIO) [11].  Like other T2 

contrast agents, SPIO has a large r2 value and can significantly reduce T2.  

        T1 contrast agents, despite their ability to brighten the image, have intrinsic low MR 

sensitivity and relaxivity [13]. The use of T1 contrast agents is also at the cost of their high 

degree of toxicity. T2 contrast agents, because of their negative contrast effect, may complicate 

MRI analysis. The darker intensity of ROI is often confused with low signal obtained from its 

surrounding. Since a single-mode T1 and T2 contrast agent has associated drawbacks that limit 

the performance of MRI, a dual-mode contrast agent (DMCA) integrated with properties from 

both T1 and T2 contrast agents is highly desirable. The earliest example of dual-mode contrast 

agent was used by Weissleder et al. [14] to image liver tumors in rats. Since then, various types 

of DMCAs have been studied, most of which are direct conjugations of T1 elements (Gd or Mn) 

and T2 elements (Fe or Dy) [15-25]. In addition, ultrasmall iron oxide nanoparticles synthesized 

with acids are reported to feature dual T1 and T2 performance [26]. Our group also found that 

Mn8Fe4 and Mn8Fe4(VBA)16-co-polystyrene nanobeads are promising DMCAs [25].  
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3.2    Multimodality 

 

        During the past several decades, significant progress has been made in biomedical imaging 

techniques through developments in imaging probes and devices. Some representative imaging 

modalities, each with its own strengths and limitations, are listed in Table 3.1 [27]. They include 

MRI, computer tomography (CT), positron emission tomography (PET), single-photon emission 

computed tomography (SPECT), optical fluorescence imaging (FLI), ultrasound (US) imaging, 

trans-rectal ultrasound (TRUS) imaging, and photoacoustic imaging. The concept of 

complementing the weakness of one imaging modality with the strengths of another has become 

popular because it has been shown to enhance both image sensitivity and accuracy. For example, 

PET can provide high sensitivity but is spatially limited in resolution, while MRI has lower 

sensitivity but can offer better resolution. Thus, combining MRI with PET can deliver both high 

sensitivity and high resolution.  

        There are many combinations of different imaging modalities to enhance the quality of MRI 

medical images by image fusion, such as MRI/CT-PET-SPECT fusion [28], MRI-US fusion 

[29], and MRI-TRUS fusion [30]. Image fusion is the process of registering and combining two 

or more images into a single image through the use of different algorithm methods. Algorithms 

that are commonly used in MRI fusion include morphological methods, knowledge based 

methods, wavelet transforms, neural networks, and fuzzy logic [31]. Morphological filters and 

pyramids are used to detect spatially relevant information from images and are very sensitive to 

inter-image features [32-34]. Knowledge learning system groups the detected ROI and sets 

constraints on region-based segmentation by the domain-dependent knowledge [35]. Wavelet 

transforms improved the quality of image by combining detailed information from different 
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images [36]. Neural networks were used to make global decisions by analyzing and predicting 

given data [37]. Fuzzy logic which is based on degree of truth is mostly combined with other 

approaches [38, 39]. These algorithms are often hybridized with others, such as wavelet-neural 

network [37], fuzzy-neural network [38], and neuro-fuzzy-wavelet [39]. 

        It is also clear that combining imaging modes with a single administered contrast agent 

remains important. Great developments have been made in constructing dual and triple-

functional medical imaging agents. Recently, Xie et al. [40] reported that modifying the surface 

of an iron oxide nanoparticle yields a promising triple-functional MRI/PET/NIRF (near-infrared 

fluorescence) imaging agent. A norbornene based copolymer has also been reported as a dual-

functional agent in MRI-optical imaging [41]. In addition, researchers found gold/silica 

nanoparticles with an ethylene glycol, paramagnetic, and fluorescent lipid coating can be applied 

as a trimodal agent for MRI, CT, and fluorescence imaging [42]. 

        However, several drawbacks of image fusion cannot be ignored. Inaccurate registration of 

ROI between images is tightly linked to the scanning time delays and the fusion algorithm 

inaccuracies. Technical challenges such as resolution difference and inter-image variability 

between images lead to the poor performance of image fusion. In addition, if a sample is moved 

between different imaging instruments, mismatch, such as penetration depth difference, can 

occur. The cost of imaging and computational complexity keeps increasing because of increasing 

image space-time resolution. Equipment that can perform multimodal scanning has yet been 

achieved. Compatibility of space-time resolution and scanning speeds between different 

modalities, high cost, and additional radiation exposure to the patients, have remained open end 

challenges. Thus, it is highly desirable to gain multifunctional images that are simultaneously 
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provided by a single technique. In this research, I developed algorithms to combine different 

modalities of the same basic measurement: T1 and T2 weighted MR images. 

 

Table 3.1: Comparison of major imaging instruments. [27] 

Instrument Signal measured Advantages Disadvantages 

MRI 
Radiofrequency 

waves 

- high resolution 

- high penetration depth 

- does not use ionizing radiation 

- low sensitivity 

- strong magnetic field disturb 

- cost 

CT X-rays 

- wide field of view 

- high spatial resolution 

- high penetration depth 

- limited sensitivity 

- radiation 

- cost 

PET 𝛾-rays 

- high sensitivity 

- high penetration depth 

- clinical use 

- limited spatial resolution 

- radiation 

- cost 

SPECT 𝛾-rays 

- good sensitivity 

- high penetration depth 

- images free of background 

- blurring effect 

- limited spatial resolution 

- radiation 

US sound waves 

- low cost 

- high spatial resolution 

- noninvasive 

- limited resolution 

- operator dependent 

- special preparation required  

FLI Infrared light 
- good sensitivity 

- good spatial resolution 

- limited penetration depth 

- no clinical transition 
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4.    Experimental Implementation 

 

4.1    Materials 

 

        In order to study image fusion of DMCA MRI, samples that have spatially varying contrast 

are needed. I prepared such samples containing regions of DMCA and reference regions. These 

samples consisted of a multilayer design of blocks of agar containing DMCA surrounded by pure 

agar. 

        Agar gel was used as the reference for DMCA to test the effects of contrast agents. Gels 

with 2%, 3%, 4%, 5%, and 6% concentration were made and tested. Among them, the contrast 

agents showed the least diffusion effect in the 4% gel while maintaining homogeneity. This 

diffusion phenomenon will be discussed later in Section 4.2. The 4% agar gel was prepared by 

mixing 8 g agar powder (BD BBLTM Agar, Select, Product Number: 299340) with 200 mL 

distilled water in a 250 mL beaker. The solution was heated in a microwave until it started to 

boil. It was then taken out and mixed gently before reheating in the microwave. This process was 

repeated multiple times until the agar gel became homogeneous. To remove air bubbles and 

maintain the temperature of the gel, the heated liquid agar was then kept in a water bath with its 

temperature controlled at 32 Celsius.  

        Manganese chloride was used as the DMCA because manganese ion (Mn2+) could increase 

the signal intensity of T1 in MRI, and at the same time Mn was capable of reducing the signal 

intensity and generating a minor T2 effect by producing dark signals [43]. The T1 and T2 effects 

depend on the concentration of MnCl2. To find the optimal concentration that brightens T1 and 

darkens T2, twenty-four different MnCl2 solutions, each 3 mL, with concentrations ranging from 
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0 to 2 millimolar (mM) were made. Each solution was then mixed with 3 mL 4% agar gel 

(yielding a 2% gel), and the mixture was poured into a 5 mL tube. These twenty-four contrast 

agents are listed in Table 4.1. 

 

Table 4.1: Twenty-four samples were prepared with different concentrations. 

Sample Concentration (mM) Sample Concentration (mM) 

1 0 (pure 2% agar) 13 0.01 

2 0.00025 14 0.015 

3 0.0005 15 0.02 

4 0.001 16 0.025 

5 0.0015 17 0.03 

6 0.002 18 0.035 

7 0.0025 19 0.04 

8 0.003 20 0.05 

9 0.0035 21 0.1 

10 0.004 22 0.25 

11 0.0045 23 0.5 

12 0.005 24 1 

 

        MR images of all twenty-four contrast agents as well as a water reference sample were 

obtained. The details of the instrument and system setup are described in Section 4.2. 

Concentration-dependent T1 and T2 weighted images are shown in Fig. 4.1. The parameters that 

result in T1 and T2 images are shown in Table 4.2. FOV (field of vision) is the square area 
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defined image region, MTX (matrix) is the image size, SI (slice thickness) is the thickness of an 

imaging slice, and rare factors is the segment number of RARE pulse sequence. As shown in Fig. 

4.1, three concentrations including 1 mM, 0.5 mM, and 0.25 mM are brighter than the reference 

in the T1 image and darker than the reference in the T2 image. Thus, concentrations between 0.1 

mM and 1 mM, were used to prepare multilayer phantoms because they showed promising 

DMCA with both T1 and T2 effects. These concentrations of DMCA in agar gel could be used to 

make spatially varying samples that can be imaged and studied by fusion algorithms. 

               

Figure 4.1: Concentration-dependent of T1 (left) and T2 (right) weighted images were 
measured. 

 

Table 4.2: Main parameters of concentration-dependent T1 and T2 imaging. 

 TE (ms) TR (ms) FOV (cm) MTX SI (mm) Rare factors Averages 

T1 image 8.7 450 7 256 1 4 4 

T2 image 36 4200 7 256 1 8 1 

 

        Five samples were prepared by mixing 4 mL MnCl2 solutions with concentrations of 2 mM, 

1 mM, 0.5 mM, 0.3 mM, 0.2 mM with 4 mL 4% agar gels. Five 8 mL gel mixtures contrast 

agents CA1, CA0.5, CA0.25, CA0.15, and CA0.1 with concentrations of 1 mM, 0.5 mM, 0.25 
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mM, 0.15 mM, and 0.1 mM respectively were then placed into a six-well plate and left to 

solidify. The 4% agar gel became 2% after mixing with MnCl2 solutions. After the mixtures 

hardened, small cubes of agar containing contrast agents were cut from the well, as is shown in 

Fig. 4.2, in order to be embedded into the pure agar gel. A precision knife and tweezers were 

used to separate contrast agent into several sections. Among all the sections, the one with most 

uniform in size and substance was selected. The selected contrast agent cubes had no bubbles, 

tears, or other visible inhomogeneities. 

 

Figure 4.2: Small cube is cut from the well in a six-well plate. 

 

        A 50 mL vial was used in this multilayer design, as is shown in Figure 4.3. The first layer at 

the bottom of the vial was filled with 2% agar gel made by mixing 4 mL 4% agar gel and 4 mL 

distilled water. As the first layer solidified, it provided a solid ground for the contrast agent cube 

to rest upon. CA0.1 was put on the upper surface of the first layer, followed by filling its 

surrounding with 2% agar gel. The second layer was then left to solidify, providing the next level 

for contrast agent cube to sit on. This process was repeated until all the contrast agent cubes were 

placed in the vial. The rest of vial was all filled with 2% gel. 
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Figure 4.3: A schematic of the 50 mL vial (left), and a cross-sectional view above each layer 
(right). 

 

4.2    System Setup 

 

        MRI was performed in the Preclinical Imaging Research Laboratory, Lombardi 

Comprehensive Cancer Center. The imaging system was a Bruker BioSpin 7.0-Tesla preclinical 

MRI (Germany/USA) with a 20 cm horizontal bore magnet. The magnet was equipped with 100 

gauss/cm microimaging gradients and a cylindrical tunable birdcage volume coil. All original 

MRI data were analyzed using Bruker software Paravision 5.1.  

        It is crucial to test the multi-layer vial as soon as it is prepared because of the diffusion of 

MnCl2. As mentioned in Section 4.1, the contrast agent homogeneity and time-dependent 

diffusion were tested by preparing agar gels with 2%, 3%, 4%, 5%, and 6% concentration. 

Among these concentrations, 2%, 3%, and 4% gels were able to mix with contrast agent 

homogeneously in an hour’s reheating process, and 4% gel was chosen because it showed the 

least diffusion effect. Fig. 4.4 shows the T1 weighted MRI of randomly placed CA0.1, CA0.15, 
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CA0.25, and CA0.5 in the 4% gel tested (a) 5 minutes, (b) one hour, and (c) 18 hours after it was 

prepared. Imaging was limited to a 1 mm thick single slice directly through the middle of the 

sample tube. The FOV plane was 6.0 cm by 3.0 cm, Matrix = 256×256, TE = 10.6 ms, TR = 

1750 ms, rare factor = 2, and averages = 2. As shown in Fig. 4.4, there was little diffusion within 

10 minutes after sample preparation, while a significant diffusion was observed within an hour 

after sample preparation. Diffusion was so large after 18 hours that contrast agents with different 

concentrations could not be differentiated. In order to avoid the diffusion of MnCl2, samples 

must be tested as soon as it was prepared. Therefore, the 50 mL vial sample was imaged within 

10 minutes after preparation. 

         

                         (a)                                                (b)                                             (c) 

Figure 4.4: T1 weighted MRI of the diffusion-testing sample was tested (a) 10 minutes, (b) 
one hour, and (c) 18 hours after it was prepared. 

 

4.3    Results 

 

        MRI data sets of the multilayer vial were collected using a T1-weighted RARE sequences 

with the following parameters: TR, 275 ms; TE, 37.7 ms; FOV, 7cm/4cm; Rare factor, 6; matrix, 

128×128; averages, 1; slice thickness, 1 mm. Figure 4.5 shows a schematic of the multi-layer 

vial with the 1 mm thick single slice directly through the tube (left) and cross-sectional MR 



	 26 

image of the multi-layer vial (right). The outer ring around CA0.1 was caused by diffusion 

effect, because this cube was the first prepared and imaged more than 10 minutes after its 

preparation. There was also an outer ring around CA0.15 also due to diffusion, but it was less 

obvious because CA0.15 was prepared later than CA0.1. The other three contrast agents, 

CA0.25, CA0.5, and CA1, were not noticeably affected by diffusion. 

 

Figure 4.5: Schematic (left) and cross-sectional (right) images of the multi-layer vial. 

 

        As was mentioned earlier, the multilayer vial was prepared and tested in order to study 

image fusion of T1 and T2 weighted images. After checking T1 and T2 weighted images of 

different concentrations, the agent concentration of 0.25 (CA0.25) was selected to test the 

performances of algorithms because it showed best DMCA capabilities. Figure 4.6 shows the 

schematic (left), T1 (middle) and T2 (right) weighted MRI of CA0.25. The contrast is brighter 

than the gel in the T1 image and darker than the gel in the T2 image. In addition, the contrast-

reference edge is vague, and makes it a good candidate to test the recognition capability of 

algorithms on. Parameter details of the T1 and T2 image are listed in Table 4.3.    
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Figure 4.6: Schematic (left), T1 (middle) and T2 (right) weighted MRI of CA0.25. 

 

Table 4.3: Main parameters of T1 and T2 imaging sequences associated with Figure 4.6. 

 TE (ms) TR (ms) FOV (cm) MTX SI (mm) Rare factors Averages 

T1 image 37.722 3000 4 128 1 6 1 

T2 image 160 2000 4 256 1 N/A 1 

 

 
        Pixel values both along the diagonal and near the region of the DMCA in the T1 and T2 

image are shown in Fig. 4.7. In the T1 image, pixel values in the region of the contrast agent are 

around 255 (saturation), while in the region of the reference, they are roughly from 170 to 200. 

In the T2 image, pixel values in the region of the contrast agent are around 25, while the pixel 

values of the reference are around 45. 
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Figure 4.7: Pixel values along the diagonal and near the region of the contrast agents are 
shown for the T1 (top two) and T2 (bottom two) images.
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5.    Image Registration 

 

        In the past decades, studies in image fusion have increased dramatically due to the rapid 

development of imaging devices as well as computing technologies.  The aim of image fusion is 

to obtain an improved output image. To construct MR images with better quality, three main 

steps in Fig. 5.1 are involved in the image fusion procedure of DMCA T1 and T2 weighted 

images.  

 

Figure 5.1: The main steps of image fusion procedure. 

 

        The first step of image fusion is image registration. Image registration is the process of 

aligning images with respect to each other. As a prerequisite step prior to image fusion, it is 

necessary in order to transform spatial information from T1 and T2 images into one coordinate 

system and compare and integrate them. One image is designated as the reference image (fixed 

image, 𝐼£), while the other image (moving image, 𝐼¤) is aligned with the reference image. There 

are multiple image registration techniques, among which intensity-based (or voxel-based) image 

registration is often utilized to align MR images because of its high level of accuracy and 

robustness. 

        Intensity-based methods compare intensity distribution in images via correlation metrics. It 

uses an affine transformation (T) to register image distortion including scaling, rotation, and 

shear. In order to assess T, a similarity metric is used to measure the resemblance of the intensity 
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values in the transformed moving image (𝑇(𝐼¤)) and fixed image 𝐼£. An optimizer defines the 

termination condition, either by adjusting T to start a new iteration or stopping with a maximum 

number of integrations reached or a suitable T found. Further improvement of alignment can also 

be achieved by adjusting the optimizer and metric configuration properties. 

        Figure 5.2 shows intensity-based automatic image registration to align two MR images to a 

common coordinate system. In the unregistered image pair, the right image was collected using a 

T1-weighted RARE sequence of CA0.1. The left image was created by deliberately distorting the 

right image using rotation and shear. In the overlapping image, color information is used to 

highlight the difference between the two images with gray areas corresponding to areas that have 

similar intensities, while magenta and green areas showing places where one image is brighter 

than the other. Intensity-based image registration was used to correct the distortion of the images. 

The detailed registration script using MATLAB is given in Appendix A. 

                                

                                     

Figure 5.2: Intensity-based image registration was used for correction of distortion. 
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6.    Noise Removal 

 

6.1    General Image Noise 

 

        As shown in Fig. 5.1, the second step of image fusion is noise removal. MRI is prone to a 

variety of noise that comes from radio frequency fields, off-resonance effects, etc. Image noise is 

an undesirable result of image acquisition that brings random brightness information and results 

in false reflection of the real image. Two common models for image noise are Gaussian noise 

and fat-tailed noise. 

        Gaussian noise is statistical linear noise and is independent of pixel intensity. The values of 

the Gaussian noise are Gaussian-distributed. To remove Gaussian noise, a linear filter can be 

used to smooth the variance. A Wiener filter can be created by first estimating the local mean 

and variance around each pixel [44] 

                                                        𝜇 = W
¥¦

𝑎 𝑛W𝑛'§i§q∈©                                                    (6.1) 

and 

                                                    𝜎' = W
¥¦

𝑎' 𝑛W𝑛' − 𝜇'§i§q∈© ,                                          (6.2) 

where 𝜂 is the local 𝑁×𝑀 local neighborhood of each pixel. With these parameters, the filter can 

be written as 

                                                𝑏 𝑛W, 𝑛' = 𝜇 + ¬q-q

¬q
𝑎 𝑛W, 𝑛' − 𝜇 ,                                    (6.3) 

where 𝜈' is the noise variance. 

        Figure 6.1 shows a Wiener filter applied to T1-weighted image of CA0.1 that has had 

Gaussian noise (𝜇 = 0, and	𝜐' = 0.005) added. The left image is T1-weighted image of CA0.1 
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with the same parameters of Fig. 5.2, the middle image is with Gaussian noise added, and the 

right image is the result of Wiener filter (N=M=5). Detailed filtering script using MATLAB is in 

Appendix B. 

   

Figure 6.1: Wiener filter was applied to eliminate Gaussian noise. 

 

        Fat-tailed noise, often referred as salt-and-pepper noise, brings random white and black 

pixels to image. It can be eliminated by using median filtering, which replaces each pixel with 

the median of neighboring pixels. Figure 6.2 shows a median filter applied to T1-weighted image 

of CA0.1 that has had salt-and-pepper noise added. The left image is T1-weighted image of 

CA0.1 with the same parameters of Fig. 5.2 and Fig. 6.1, the middle image is with fat-tailed 

noise, and the right image is the result of median filter. The detailed script using MATLAB is in 

Appendix B. 

   

Figure 6.2: Median filter was applied to eliminate fat-tailed noise. 

 



	 33 

6.2 Rician Noise 

 

        As mentioned in Chapter 2, the MR signal is detected by an RF coil and reconstructed into a 

grey scale MR image. Detection of the signal is typically performed after the excitation of the 

transverse magnetization, and the induced emf is given by the principle of reciprocity [45]: 

𝑒𝑚𝑓 = − ³i
´µ

¶¦
¶�
𝑑𝑉,                                                     (6.4) 

where ³i
´µ

 is the magnetic field per unit current in the coil at the location of M, t is time, and V is 

sample’s volume. This signal obtained in the time domain is called the free induction decay 

(FID). Information obtained in the time domain can be converted to the frequency domain by 

Fourier transformation.  

        The RF coil used to detect the signal is designed with a quadrature detection method which 

can measure the difference between the signal frequency and the reference frequency [6]. 

Quadrature detection measures signals from both x axis and y axis with one signal the real 

component of FID, while the other the imaginary component of FID.  

        It is common to assume that MRI noise can be described as Gaussian distribution. However, 

quadrature detector gives the real and imaginary components of the signals, and since the Fourier 

transform is linear and orthogonal, noise in each signal remains a Gaussian distribution which is 

uncorrelated with the other. MRI, by obtaining information from both the real and imaginary 

images, has a nonlinear mapping, and the noise distribution is properly described by the Rice 

density [46]: 

𝑃¦ 𝑀 = ¦
¬q
𝑒-

¸q¹ºq

q»q 𝐼+(
¼∙¦
¬q
),                                                 (6.5) 
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where A is the pixel intensity without noise, M is the measured pixel intensity, 𝑃¦ is the 

probability distribution for M,  𝐼+ is the modified zeroth order Bessel function of the first kind, 

and	𝜎 and 𝜎' are the standard deviation and variance of the Gaussian distribution of the real and 

imaginary signals that have the same Gaussian statistics. This noise is called the Rician noise, 

and it is far from Gaussian noise when ¼
¬
≤ 2 and nearly Gaussian when ¼

¬
≥ 3 [46]. When 𝐴 =

0, the density, known as the Rayleigh distribution, is given by 

𝑃¦ 𝑀 = ¦
¬q
𝑒-¦q/'¬q.                                                    (6.6) 

The ratio of the mean image intensity in a ROI to the standard deviation of the Gaussian noise 

distribution (¼
¬
) from the real and imaginary signals is called signal-to-noise ratio (SNR), which 

is dependent on various factors including field strength, pulse sequence chosen, and imaging 

parameters.  

        Rician noise introduces random fluctuations as well as signal-dependent bias to MRI. 

Figure 6.3 shows the estimation of noise variance of a simulated image with Rician noise. The 

left image is a simulated 256×256  image with a brighter contrast region (the contrast region 

intensity = 150, and the reference region intensity = 130), the middle image is the one with 

Rician noise (𝜎 =5) added, and the right image is the distribution estimation of Rician noise 

variance (not 𝜎') based on Aja-Fernández’s work [47]. The MATLAB program used to create 

these images is given in Appendix B. 

         

Figure 6.3: Variance of Rician noise is estimated based on Aja-Fernández’s work. [47] 
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6.3 Gaussian Pyramid 

 

        When the signal to noise ratio (SNR) is greater than two, Rician noise distributions are 

nearly Gaussian distributions [46]. In practice, SNR of MRI ranges is almost always greater than 

two [48], so to reduce MR image noise, an often-used Gaussian filter can be used by averaging 

the image pixels. Through applying a low-pass filter to the original image I0, a reduced version 

of I0, I1, is obtained. Similarly, a series of images of sequentially reduced resolution can be 

created: I2, I3, …. When the low-pass filter is a symmetric weighting Gaussian function, the set 

of these different reduced levels of the original image are called a Gaussian pyramid. Each pixel 

in level l+1 is a weighted average of values in level l within a 5×5 window ([-2, -1, 0, 1, 2]	×	[-

2, -1, 0, 1, 2]). If Il is a 𝑚×𝑛 matrix, the size of Il+1 is ¿
'
× §
'
. For a pixel (i,j), the relation between 

two levels can be described by [49] 

𝐼ÀkW 𝑖, 𝑗 = 𝑤(𝑎, 𝑏)𝐼À(2𝑖 + 𝑎, 2𝑗 + 𝑏)'
ÃÄ-'

'
ÅÄ-' ,                     (6.7) 

where 𝑤 𝑎, 𝑏 = 𝑤(𝑎)×𝑤(𝑏) is the generating kernel that has four constraints:  

𝑤 𝑎 = 1'
ÅÄ-' , 𝑤 𝑏 = 1'

ÃÄ-' ,                                        (6.8) 

𝑤 𝑖 = 𝑤 −𝑖 ,                                                         (6.9) 

and                                                    𝑤 0 + 2×𝑤 2 = 2×𝑤(1).                                         (6.10) 

To satisfy the constraints, 𝑤 = W
r
− Æ

'
, W
r
, 𝑟, W

r
, W
r
− Æ

'
. 

         A 513×513 simulated image with Rician noise added was used to study the noise removal 

by Gaussian pyramid. This image has the reference intensity 130 with several contrast regions 

(intensity difference = 7). Figure 6.4 shows the image with 𝜎 = 1 (left) and 𝜎 = 7 (right). When  
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𝜎 = 7, the noise is too strong to show the contrast. To eliminate noise, a general kernel with 𝑟 =

0.375, which makes the weighting function a Gaussian shape, was applied to the original image 

and the first four levels of the Gaussian pyramid are shown in Fig. 6.5. Detailed script using 

MATLAB is in Appendix B. Since the size of the original image is 513×513, the first four 

Gaussian pyramids measure 257 by 257, 129 by 129, 65 by 65, and 33 by 33. It can be seen that 

higher levels of Gaussian pyramid do better in eliminating noise. However, small contrast 

regions are lost in the higher levels of Gaussian pyramid due to the reduced size of image, which 

will be further discussed in the next chapter. 

  

Figure 6.4: Simulated image with 𝝈 = 𝟏 (left) and 𝝈 = 𝟕 (right). 

       

Figure 6.5: First four levels of Gaussian pyramid for the simulated image with 𝝈 = 𝟕. 
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7.    Algorithm 

 

        In this chapter, simulated and experimental MR images are used to test several algorithms 

on their functionality and improvement of MR image quality. In order to test the performance of 

different types of algorithms, three sets of simulated T1 and T2 images were created. Simulated 

images 1 (s1) consists of a T1 weighted image (Figure 7.1, upper left) with some brighter regions 

where contrast agents would be located (the intensity of the contrast region = 135, and the 

intensity of the reference region = 130) and a T2 weighted image (Figure 7.1, upper right) with 

some darker regions in the same location (the intensity of the contrast region = 63, and the 

intensity of the reference region = 65). Each simulated image was a 20 pixel × 20 pixel grey-

scale image with pixel values from 0 to 255. In both cases, the differences between the lighter 

and darker regions are very small, so they cannot be seen by the naked eye. The bottom images 

(s1*) show where these brighter and darker regions are by highlighting them (setting the 

intensity of contrast regions = 255). 

                                                               

              

Figure 7.1: Simulated s1 includes T1 weighted image (up left) with several regions brighter, 
and T2 weighted image (up right) with several regions darker. These pixels are intentionally 

highlighted in the bottom two images (s1*). 
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        Simulated Images 2 (s2) consists of a T1 weighted image (the background/reference 

intensity is A1) and a T2 weighted image (the reference intensity is A2) which are both 256×256 

and with Rician noise added (the standard deviation of Gaussian distribution from the real and 

imaginary signals is 𝜎). The T1 image has a 90×90 pixel brighter contrast region with the 

intensity difference between the contrast region and the reference region of d1. The T2 weighted 

image has a darker region in the same location, with the intensity difference of d2. Figure 7.2 

shows s2 with various values of A1, A2, 𝜎, d1, and d2. The contrast region is more prominent with 

small noise variance and large intensity difference. 

        Simulated Images 3 (s3) consists of a pair of 512×512 images with Rician noise added. One 

of s3 is T1 weighted image (the background intensity is 130) with several contrast regions 

(intensity difference = 7), the other is a T2 weighted image (the background intensity is 70) with 

contrast regions in the same location (intensity difference = -3). Figure 7.3 shows s3 with both 

the left T1 image and the right T2 image having 𝜎 = 1. This simulated image pair with different 

parameters was also used in Section 6.3. 

        In this chapter, I present four image fusion algorithms that I developed: Contrast Division 

(CD), Nearest Neighbor Method (NNM), Gradient Highlight (GH), and Controlled Gradient 

Highlight (CGH), along with the AND Gate (AND) developed by Shin et al [5]. All the 

algorithms and detailed derivation of fused images using MATLAB in this chapter are in 

Appendix C. 
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(a)  

(b)   

(c)   

(d)   

Figure 7.2: Simulated s2 pairs have T1 weighted images (left) and T2 weighted images 
(right). Imaging parameters are shown in Table 7.1. 
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Table 7.1: Parameters of s2 in Figure 7.2. 

 I1 I2 d1 d2 𝜎 

s2.a 130 70 20 -10 2 

s2.b 130 70 20 -10 20 

s2.c 130 70 5 -3 2 

s2.d 130 70 5 -3 20 

 

  

Figure 7.3: s3 image pair has 𝝈 = 𝟏. 

 

7.1    AND Gate 

 

        The idea of the AND Gate is to set T1 and T2 thresholds and only those pixels that have 

values greater than the T1 threshold in the T1 image and less than the T2 threshold in the T2 image 

are shown in the fused image. It was first proposed by Shin et al [5]. This method ensures that 

only the regions of high MRI signal in both T1 and T2 images yield a valid AND logic output. 

The original work by Shin [5] is shown in Fig. 7.4. Only pixels with values greater than T1 

threshold 55 in T1 image (left) and less than T2 threshold 81 in T2 image (middle) were given a 
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value 1, while all the other pixels were given a value 0. The artifacts in T1 and T2 images are 

removed in the fused image (right).  

              

Figure 7.4: Fused image processing was done by AND algorithm. [5] 

 

        The AND algorithm was tested using images s1, as shown in Figure 7.5. Only pixels that 

are simultaneously brighter (greater than 132) in the T1 weighted image (left) and darker (less 

than 66) in the T2 weighted image (middle) are highlighted by the AND algorithm. Two 

thresholds, 132 and 66, were determined based on the already known image parameters of s1. 

The fused image successfully highlights where the contrast agent’s effect is invisible in the 

individual T1 and T2 images. 

                                                               

Figure 7.5: Fused image processing was done by the AND algorithm using s1. 

 

        While the AND algorithm does a successful job in uniform test images, it is less functional 

for real MR images. Figure 7.6 shows the optimal fused image (right) when applying AND to 

real T1 (left) and T2 (middle) MR image (T1 and T2 thresholds are 180 and 45, respectively). 

These MR images were obtained and discussed in Chapter 4. It is clear that even with the 

optimal T1 and T2 thresholds, AND failed in highlighting the contrast agent’s effect in structured 

and less uniform images which are obtained with various uncertainties affecting the system. A 
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list of fused images with various T1 and T2 thresholds are shown in Figure 7.7. The thresholds 

used in image fusion are listed in Table 7.2. 

                     

Figure 7.6: Fused image processing was done by AND Gate using MR images. 

 

Figure 7.7: Fused results were different with various T1 and T2 AND thresholds. Image 
fusion parameters are given in Table 7.2. 

 

Table 7.2: T1 and T2 intensity threshold values in Figure 7.7. 

 T1 intensity threshold T2 intensity threshold 

a 220 45 

b 140 45 

c 180 60 

d 180 30 
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        The main disadvantage of AND algorithm is that the thresholds are not known for an 

arbitrary set of images. Also, using a single threshold for a less uniform image may mistakenly 

highlight artifacts and eliminate some weak but crucial information. 

 

7.2    Contrast Division 

 

        The Contrast Division (CD) algorithm is developed with the aim of creating images based 

on the intrinsic property of DMCA. T1 and T2 images are represented as equally sized matrices. 

The T1 weighted image matrix is then divided by the T2 weighted image matrix, with the idea 

that areas containing contrast agents with increased T1 and decreased T2 would appear bright, 

while those with similar pixel intensities would appear dark.  

        The top images in Figure 7.8 show the T1 and T2 weighted MRI images for Mn8Fe4 (left) 

and Mn8Fe4(VBA)16-co-polystyrene nanobeads (VBA = vinyl benzoic acid, right) suspended in 

3% agar in the work of Pablico-Lansigan et al [50]. Each tile represents a different concentration 

of the contrast agent. Below are fused images of the T1 and T2 weighted MRI images using CD. 

        The fused images show that this algorithm can significantly enhance the intense disparity 

among different concentrations. Table 7.3 shows this quantitatively. The average intensities of 

the T1 images for Mn8Fe4 were recorded and normalized based on the greatest intensity obtained, 

which in this case, belonged to the intensity of the 1.8 mM sample. The same process was 

repeated for T2 and fused images for Mn8Fe4 as well as T1, T2, and fused images for 

Mn8Fe4(VBA)16-co-polystyrene nanobeads. From the table, the fused image has the greatest 

disparity among different concentrations.  
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Figure 7.8: T1 and T2 weighted MRI were measured for Mn8Fe4 (top left) and 
Mn8Fe4(VBA)16-co-polystyrene nanobeads (top right) suspended in 3% agar. [50] Bottom 

images are fused image of the T1 and T2 weighted MRI images were done using CD. 
 

 

0.6 mM metal 

1.2 mM metal 

1.8 mM metal 

0 mM metal 
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Table 7.3: Normalized average intensity of T1 and T2 weighted MR images and fused 
images using CD were calculated for Mn8Fe4 and Mn8Fe4(VBA)16-polystyrene nanobeads 

suspended in 3% agar. [50] 
 

          Mn8Fe4 Mn8Fe4(VBA)16-co-

polystyrene nanobeads 

 Average Intensity Average Intensity 

Concentration (mM) T1 T2 Fused T1 T2  Fused 

0 0.218 1.000 0.001 0.129 0.951 0.022 

0.6 0.793 0.640 0.020 0.508 1.000 0.225 

1.2 0.866 0.847 0.283 0.662 0.708 0.490 

2.4 1.000 0.161 1.000 1.000 0.545 1.000 

 

        Figure 7.9 shows the average intensities of T1, T2, and fused images as a function of 

concentration. For both samples, the slope of the relationship in T1 image is positive (~ 0.2 to 0.3 

average intensity/concentration), while the slope of the T2 image is negative (~ -0.3 average 

intensity/concentration), and the absolute value of the slope in the fused image is the highest (~ 

0.4 to 0.5 average intensity/concentration) among them. It indicates that this procedure enables 

MR images to be obtained with a much higher sensitivity. The CD algorithm is shown to be able 

to increase the sensitivity of DMCA. 
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Figure 7.9: The average intensities of T1, T2, and fused images are plotted as a function of 
concentration for (upper) Mn8Fe4 and (lower) Mn8Fe4(VBA)16-polystyrene nanobeads 

suspended in 3% agar. [50] 
 

        The CD algorithm was also tested on s1, as shown in Figure 7.10. The T1 weighted image 

(left) matrix is divided by the T2 weighted image (middle) matrix. The right image shows the 
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rescaled result using CD. Although the fused image shows the location of the contrast agent, the 

contrast is not very clear. 

                                                              

Figure 7.10: Fused image processing was done by CD using s1. 

 

        The CD algorithm was also applied to the real MR images of the agar cubes described in 

Chapter 4. Figure 7.11 shows the optimal rescaled fused image (right) when applying CD to the 

T1 (left) and T2 (middle) MR images. The fused image failed to highlight the position of contrast 

agents. 

                  

Figure 7.11: Fused image processing was done by CD using real MR images. 

 

        While CD could enhance the effect of contrast agents, and could be used in studying the 

performance of potential dual-mode contrast agents or making a known contrast look more 

prominent, it lacks the ability to highlight the hidden contrast in real images. This is because T1 

image is often bright while T2 image is often dark, dividing T1 image by T2 image results in an 

image that is too bright to be clear. 
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7.3    Nearest Neighbor Method 

 

        Previous methods did not work well on real images due to several issues such as the noise, 

inhomogeneity, and low contrast level. Instead of highlighting based on the signal intensity, one 

possible solution is to highlight the edge of the contrast area using edge detection methods. Two 

classic edge detecting algorithms, Canny edge detection and Prewitt edge detection, as well as a 

newly developed nearest neighbor method (NNM), were all studied with the aim of highlighting 

the regions where contrast agents may brighten or darken the signal. 

        Canny edge Detection, first introduced by John F. Canny in 1986, is a multi-stage algorithm 

used to detect a wide range of object-edges in any given image. By massively reducing the 

amount of data to be processed, it focuses only on the useful information. The Canny edge 

detection algorithm consists of five steps: 1) apply a Gaussian filter to remove the noise, 2) 

calculate the pixel intensity gradients, 3) apply non-maximal suppression to eliminate false 

edges, 4) apply double threshold to determine possible edges, and 5) remove weak edges using 

hysteresis. 

        The Prewitt edge detector, on the other hand, utilizes a finite differential operator, which 

was developed by Judith M. S. Prewitt. The Prewitt operator can calculate the gradient of each 

pixel via masks and threshold the gradient to select proper edges.  

        In addition to these two well-known methods, I developed the NNM edge detection 

algorithm to search for a neighborhood with large gradients in both T1 and T2 images. In T1 

weighted image, pixels (contrast agents) that are slightly brighter than their nearest neighbors 

(backgrounds) are located. These are correlated with the corresponding pixels in the T2 weighted 

image that are darker than their nearest neighbors.  
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        Figure 7.12 shows s1, where the intensity differences between the DMCA region and the 

reference region are very small in both T1 and T2 images. The DMCA regions were intentionally 

highlighted for comparison in s1*. The three algorithms, Canny edge detector, Prewitt edge 

detector, and NNM, were applied to s1. The procedure of the NNM algorithm is described 

below: in the T1 weighted image, the value of each pixel was compared with the average value of 

the n×n neighborhood centered on that pixel (the value of n can be any integer, here 3 is used), 

and those whose values were larger (brighter) than the average values of their neighbors were 

chosen. In T2 weighted image, on the other hand, those pixels whose values were smaller 

(darker) than the average values of their neighbors were chosen. Finally, if a pixel of particular 

position (x,y) had been chosen in both T1 and T2 weighted images, this pixel (x,y) in the fused 

image was highlighted. Figure 7.12 shows that both Canny and Prewitt edge detection could 

roughly target areas where contrast agents exist. However, only NNM is able to determine the 

locations of contrast precisely. 

        NNM was then studied on real MR images. Figure 7.13 shows the results from all three 

algorithms for T1 and T2 MR images. Canny edge detection (a, c) and Prewitt edge detection (b, 

d) were applied to the T1 and T2 image with the hope of highlighting the edge of the region where 

the DMCA exists. While the Canny edge detection gave a very blurred boundary between 

contrast and pure gel for T1 image, the remaining three detection results could not distinguish 

them at all. NNM was also applied to both T1 and T2 images, and the result is shown in Figure 

7.13 (e). Among all algorithms, NNM was the best at detecting the boundary and highlighting 

the region where the contrast agent was located. An additional Prewitt detection of the fused 

NNM result (f) is able to further enhance the disparity and mark the region of contrast compared 

to all previous algorithms. 



	 50 

  

Figure 7.12: Fused image processing was done by Canny Edge Detection, Prewitt Edge 
Detection, and NNM using s1. Contrast regions in s1 were intentionally highlighted in s1* as a 

reference to the results. 
 

        These results indicate that NNM works for both simulated and real MRI images. By 

highlighting where the contrast agent’s effect is invisible in individual T1 and T2 images, the 

algorithm is able to greatly improve the sensitivity. 
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Figure 7.13: MR image processing was done applying (a) Canny edge detection to T1 image, 

(b) Prewitt edge detection to T1 image, (c) Canny edge detection to T2 image, (d) Prewitt 
edge detection to T2 image, (e) NNM to both images, and (f) Prewitt edge detection to fused 

image obtained by NNM. 
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7.4    Gradient Highlight 

 

        Another possible way to find contrast agents is to use the properties of the DMCA to fuse 

the image gradients. The image gradient is a two dimensional vector at each pixel with the 

components calculated by the derivatives in the horizontal and vertical directions. It has widely 

been used in various algorithms, such as the previously mentioned Canny edge detector and 

Prewitt operator. The direction of the pixel gradient indicates the direction of maximum increase 

in value, and the magnitude of gradient represents the rate of change. I developed an algorithm, 

the gradient highlight (GH) algorithm, based on the image gradient operators in both T1 and T2 

images. Gradients of each pixel, Gx and Gy, are computed based on the central difference method 

𝐺� = (𝐼 𝑥 + 1 − 𝐼(𝑥 − 1))/2 and 𝐺� = (𝐼 𝑦 + 1 − 𝐼(𝑦 − 1))/2, where I is pixel intensity 

and x is pixel position. Gx is the directional gradient along the x-axis, and Gy is the directional 

gradient along the y-axis. As the intensity where a DMCA is located is slightly higher in T1 and 

lower in T2, gradients of these pixels along x-axis in T1 and T2 should be in opposite directions, 

likewise along the y-axis. 

        The algorithm first calculates gradients in the T1 weighted image, Gx1 and Gy1. Then, GH 

calculates the gradients in the T2 weighted image, Gx2 and Gy2. If directional gradients of a pixel 

(x,y) along x-axis have different signs in T1 and T2 weighted images, i.e. 𝐺�W×𝐺�' < 0, this pixel 

is included in group A. Similarly, those pixels that satisfy 𝐺�W×𝐺�' < 0 will be included in 

group B. Either an AND or an OR operator is used to combine the groups. With an AND 

operator, pixels that satisfy both 𝐺�W×𝐺�' < 0 and 𝐺�W×𝐺�' < 0  are highlighted, while with an 

OR operator, pixels that satisfy either 𝐺�W×𝐺�' < 0 or 𝐺�W×𝐺�' < 0  are highlighted. The 

process of the GH algorithm is shown in Figure 7.14. 
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Figure 7.14: The process of GH algorithm. 

 

        Figure 7.15 shows the fused images by (c) GH AND and (d) GH OR using s1, and the 

DMCA regions were intentionally highlighted for reference in s1* (e). Neither GH AND nor GH 

OR could precisely show the locations of contrast agents. When the contrast is located in a single 

pixel, GH only picks out its nearest neighbor pixels along the x-axis in group A and nearest 

neighbor pixels along the y-axis in group B. The OR operator highlights the edge of single pixel 

contrast, while AND neglects it. On the other hand, when the contrast is located in a region, GH 

OR picks out additional pixels along the x-axis in group A and additional pixels along the y-axis 

in group B. In this case, the AND can highlight the exact contrast area while the OR includes 

additional pixels outside contrast area. 
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(a)                  (b)                   (c)                   (d)                  (e) 

Figure 7.15: Fused image processing was done by (c) GH AND and (d) GH OR using 
simulated image s1 T1 (a) and T2 (b) images. Contrast region was intentionally highlighted in 

s1* (e) for reference. 
 

        From the results of s1, it seems both AND and OR gate have pros and cons. OR can 

highlight the edge of a single pixel contrast, but it blurs the edge of regional contrast. AND is 

able to highlight regional contrast, but fails to express single pixel contrast. A study on the 

simulated images s2 was done to further assess the performance of GH in a less uniform image 

(with Rician noise). Figure 7.16 shows the fused results of GH AND and GH OR using s2. 

Imaging parameters of s2 are A1 = 130, A2 = 70, d1 = 15, d2 = -8, and 𝜎 = 2. Neither AND nor 

OR is able to clearly show the edge of the contrast area. The edge between the DMCA region 

and the reference region was highlighted in both algorithms, but many “non-edge” pixels were 

also highlighted because Rician noise added to s2 introduces random intensity-based fluctuations 

which make pixels in the reference region satisfy 𝐺�W×𝐺�' < 0 or 𝐺�W×𝐺�' < 0, and be 

included in Group 1 and Group 2 mistakenly.  

        GH was also applied to the real MRI, as shown in Fig. 7.17. It seems that both GH AND 

and OR can differentiate the DMCA region from the reference region. However, there are 

several issues. There is no clear edge line between the two regions, indicating that edge pixels 

were not correctly chosen. Many pixels in the reference region were mistakenly chosen due to 

the same reason discussed in the previous paragraph. The contrast region is separated from the 

reference region because no pixels inside the contrast region are chosen thus making the contrast 
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region completely dark, which is different from the fused result of the reference region. This is 

because the contrast region in the T1 weighted MR image reaches saturation, as shown in Fig. 

4.7. 

         GH with AND or OR works fine for uniform simulated images without noise. However, 

GH is not practical because of its inaccuracy in images with noises. A more sophisticated image 

gradient operator is needed.  

                  

                        T1                               T2                              AND                            OR 

Figure 7.16: Fused image processing was done by GH AND and GH OR using s2. 

 

 

Figure 7.17: Fused image processing was done by GH AND and GH OR using real MRI. 
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7.5    Controlled Gradient Highlight 

 

        The Controlled gradient highlight (CGH) algorithm was developed with thresholds in order 

to remove the noise and spurious signals. First, a magnitude threshold (TM) is introduced to seek 

out pixels whose gradient magnitude is above TM to be considered as a real signal (as compared 

to noise). Second, the gradient direction of these real signals in the T1 and T2 images should be 

approximately 180 degrees different. The range of the gradient direction difference is defined by 

a direction threshold (TD). 

        The CGH algorithm calculates gradient directions (𝐺dir) and magnitudes (𝐺¦) of each pixel 

in T1 and T2 images based on the central difference method. Only pixels satisfying 𝐺¦W > 𝑇¦W 

and 𝐺¦' > 𝑇¦' are put into Group A. Then if pixels in Group A also satisfy 𝑇ÎÀ <

𝐺dirW − 𝐺dir' < 𝑇ÎÏ, they are put into Group B. 𝐺dirW and 𝐺dir' are gradient directions in T1 and 

T2 images, and 𝑇ÎÀ and 𝑇ÎÏ are low and high directional thresholds with 𝑇ÎÀ less than 180 

degrees and 𝑇ÎÏ greater than 180 degrees. Finally, all pixels in Group B are highlighted.  

        Figure 7.18 shows the fusion results applying the CGH algorithm to s2 (a and b). Imaging 

parameters of s2 are the same as those in Fig. 7.16: A1 = 130, A2 = 70, d1 = 15, d2 = -8, and 𝜎 =

2. Fusion parameters are listed in Table 7.4. The figure shows that the CGH algorithm is able to 

highlight regional contrast with proper fusion parameters. When 𝑇¦ is small, more of the edge 

between DMCA and the reference is highlighted, but more pixels in the reference region are also 

mistakenly highlighted. Similarly, when the direction gradient thresholds, 𝑇ÎÀ and 𝑇ÎÏ, give a 

wider range, more of the contrast edge, as well as more pixels in the reference region are 

highlighted. One solution to improve the result of the CGH algorithm is to use a Gaussian 

pyramid kernel through eliminating the image noise, as described in Section 6.3. 
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                                   a                                   b 

                   

   c                                 d                               e                               f 

                   

                         g                                 h                                I                                 j 

Figure 7.18: CGH algorithm fused images for s2 were done using parameters in Table 7.4. 

 

Table 7.4: Parameters used in image fusion of Figure 7.17. 

 c d e f g h i j 

𝑇¦ 1 1 1 1 2 3 4 5 

𝑇ÎÀ (degree) 175 170 160 140 160 160 160 160 

𝑇ÎÏ (degree) 185 190 200 220 200 200 200 200 

 



	 58 

7.5.1    Pyramid Reduction 

 

        Simulated image pair s3 with 𝜎 = 3 was used to study the CGH algorithm on images 

obtained using a Gaussian filter. Figure 7.19 shows the fused images using the CGH algorithm 

with 𝑇¦ = 1.3, 𝑇ÎÀ = 170°, and	𝑇ÎÏ = 190° at Gaussian pyramid level (a) 0, (b) 1, (c) 2, (d) 3, 

(e) 4, and (f) 5. Before applying the Gaussian pyramid kernel, the fused image cannot show the 

contrast information due to the noise. Gaussian pyramid level 1 starts to highlight the contrast 

edge with the existence of noise. Gaussian pyramid level 2 further eliminates the noise and 

shows a clearer contrast edge. Gaussian pyramid level 3, although more clearly highlighting the 

edge of the big regions of the contrast, starts to lose signal from the small regions of contrast. 

This indicates that Gaussian pyramid is able to eliminate noise before the critical level, and starts 

to lose contrast information reduction after the critical level. In this case, the critical level is 2. 

        Apart from the Gaussian filter, another way to improve the CGH algorithm is to determine 

the optimal magnitude threshold and direction thresholds. Thus, to enhance the disparity and 

highlight crucial contrast details in the MR images, I also studied the optimization of magnitude 

threshold and direction thresholds. 
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Figure 7.19: Fused images using the CGH algorithm are obtained at pyramid level (a) zero, 
(b) one, (c) two, (d) three, (e) four, and (f) five. 
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7.5.2    Optimal Magnitude Gradient Threshold 

 

        In this and the following section, optimization of magnitude gradient threshold (TM)  and 

direction gradient thresholds (𝑇ÎÀ and 𝑇ÎÏ) are studied to obtain the best effect of the CGH 

algorithm. Simulated images with known parameters are used in the optimization, first for TM in 

this section and then for 𝑇ÎÀ and 𝑇ÎÏ in the next section.  

        Simulated T1 weighted images in s2 with parameters the background intensity A, the 

difference between contrast and background intensity d, the standard deviation of Gaussian 

distribution from the real and imaginary signals of the Rician noise 𝜎, the signal to noise ratio 

SNR = ¼
¬
, and contrast to noise ratio CN = &

¬
 were used to study the optimization of the 

magnitude gradient threshold. In the case that Rician noise is negligible, the optimal gradient 

magnitude of the contrast edge, based on the central difference method, should be &
'
. Figure 7.20 

shows the probability that a pixel at the contrast edge has intensity above &
'
 with various SNR 

and CN. Each data point is the averaged result of 1000 simulated images with random Rician 

noise. The natural probability of choosing an edge pixel from the image is the number of edge 

pixels divided by the total pixels 
¥ÕÖ×Õ
¥ØÙØ

= �'+
'Ú�∗'Ú�

= 0.00946. As shown in Fig. 7.20, SNR does 

not affect the probability. The probability decreases as the CN value decreases. For CN≥6, the 

optimal gradient threshold can be set at  &
'
 as the probability is greater than 0.9. For CN≤5, the 

optimal threshold needs to be defined and studied using another method, i.e., binary 

classification.  

        Binary classification is the method to classify elements into two groups based on a 

predefined classification rule. It is mostly used in the fields of statistics and machine learning to 
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assess the performance of an algorithm. Each pixel in the simulated image is either labeled as 

positive (value = 1, edge) or negative (value = 0, reference) based on the real condition that 

whether it is on the edge of contrast or not. An algorithm is developed and maps the labeled data 

into two classifications: positive (edge) and negative (reference). This binary classification of 

labeled data is a supervised learning problem, which can be visualized by a confusion matrix, as 

shown in Table. 7.5. The confusion matrix has two columns and two rows. Each column 

represents the predicted class and each row represents the real class. In the simulated image used, 

the positive condition has 620 pixels, while the negative condition has 65416 pixels. Edge pixels 

that are correctly classified as positive using an algorithm are called true positive, otherwise they 

are called false negative. Reference pixels that are correctly classified as negative are called true 

negative, otherwise they are called false positive. The performance of an algorithm can be 

evaluated by sensitivity and specificity, introduced by W. J. Youden in 1950 [51]: 

Sensitivity = Þßàá	âãäåæåçá
Þßàá	âãäåæåçák£èéäá	êáëèæåçá

,                                       (7.1) 

and                                       Specificity = Þßàá	êáëèæåçá
Þßàá	êáëèæåçák£èéäá	âãäåæåçá

.                                       (7.2) 

Youden’s index is defined as 

𝐽 = Sensitivity + Specificity − 1,                                         (7.3) 

where −1 ≤ 𝐽 ≤ 1. The bigger the value of J is, the higher accuracy an algorithm has. 

 

Table 7.5: Confusion Matrix based on binary classification. 

 Positive Classification Negative Classification 

Positive Condition True Positive (TP) False Negative (FN) 

Negative Condition False Positive (FP) True Negative (TN) 
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Figure 7.20: Probability that a pixel intensity at the contrast edge is above 𝒅
𝟐
 is shown with 

various SNR and CN. 
 

        In order to find the optimal threshold, the CGH algorithm with different thresholds (T) were 

applied to map pixels in the simulated image into positive and negative classes based on their 

gradient magnitudes (positive if it is greater than T, and negative if it is less than T). Figure 7.21 

shows the optimal values of Youden’s index (J) calculated from images with CN = 5, SNR = 10, 

20, 30, 40, 50, 60, 70, 80, 90, 100, 110, 120, 130, 140, and 150, and A = 20, 80, 130, 180, 220, 

240, and 250. Each data point in Fig. 7.21 is the averaged value of 1000 simulated images with 

random Rician noise. The optimal value of J (Joptimal) barely changes with SNR and A. In other 

words, for a given value of CN, Joptimal is independent of SNR. 

        Figure 7.22 and Figure 7.23 show the optimal thresholds (TMoptimal) of images with CN = 5, 

various SNR, and various reference intensities (A). Figure 7.22 indicates a linear relation 

between TMoptimal and A. At a given value of SNR, TMoptimal increases with A. On the other hand, 
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Fig. 7.23 indicates a linear relation between TMoptimal and 1/SNR: TMoptimal increases with 1/SNR 

with a fixed value of A. Thus, TMoptimal can be express as 

𝑇¦ãñæåòèé ≈ 𝑃 ∙ ó ôê ¼
õêö

+ 𝑄,                                                 (7.4) 

where P is a constant weight, f(CN) is either a constant or a function of CN, which will be 

discussed later, and Q is a residue that is normally less than 5. 

 

Figure 7.21: Optimal J value at CN=5 is shown with various reference intensities and SNR. 

 

 

Figure 7.22: TMoptimal versus (vs) A is plotted using images with CN = 5 and various SNR. 
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Figure 7.23: TMoptimal vs 1/SNR is plotted using images with CN = 5 and various A. 

 

        Figure 7.24 shows Joptimal calculated from images with A = 130, CN = 1, 2, 3, 4, and	5, and 

SNR = 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, 120, 130, 140, and 150. Each data point in 

Fig. 7.24 is the averaged value of 1000 simulated images with random Rician noise. Although 

Joptimal barely changes with SNR as already shown in Fig. 7.21, it decreases with lower CN. 

When CN ≤ 2, 𝐽ãñæåòèé < 0.5. 
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Figure 7.24: Optimal J value is shown at A=130, various CN and SNR. 

 

        Both Figure 7.25 and Figure 7.26 show the optimal thresholds of images with A = 130, and 

various SNR and CN. Figure 7.25 indicates a linear relation between TMoptimal and CN. At a fixed 

value of SNR, TMoptimal increases with CN. Figure 7.26 indicates a linear relation between 

TMoptimal and 1/SNR: TMoptimal increases with 1/SNR at a fixed CN. Thus, the term f(CN) in Eq. 

(7.4) can be determined as a function of CN and Eq. (7.4) becomes: 

 𝑇¦ãñæåòèé ≈ 𝑃′ ∙ ôê∙¼
õêö

+ 𝑄,                                                  (7.5) 

where P’ is the final weight. It should also be noticed that in Fig. 7.25, when SNR =10 and 20, Q 

is greater than 5, which indicates that the optimal threshold of images with small SNR, depends 

much heavier on the residue than other parameters. 
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Figure 7.25: TMoptimal vs CN is plotted from images with A = 130 and various SNR. 

 

        Figure 7.27 shows the relation between the slopes of linear relations in Fig. 7.23 and A: 

 slope = 𝑃� ∙ CN ∙ 𝐴 = 1.7095𝐴 + 2.0965                                      (7.6) 

with CN = 5, and thus 𝑃′ ≈ 0.34. 

        To check the reliability of the P’ value, the optimal thresholds of images with CN = 4, A = 

150, and SNR = 10, 20, 30, 40, 50, 60 ,70, 80, 90, 100, 110, 120, 130, 140, and 150 were 

obtained and shown in Fig. 7.28. As expected, TMoptimal linearly increases with 1/SNR, and the 

slope is 240.49. On the other hand, based on Eq. (7.5) and 𝑃′ ≈ 0.34, the calculated slope (𝑃� ∙

CN ∙ 𝐴) is 204.  
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Figure 7.26: TMoptimal vs 1/SNR is plotted from images with A = 130 and various CN. 

 

 

Figure 7.27: Slopes of linear relations in Fig. 7.23 vs A. 
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Figure 7.28: TMoptimal vs 1/SNR is plotted from images with A = 150 and CN = 4. 

 

7.5.3    Optimal Direction Gradient Threshold 

 

        To study the optimization of direction gradient threshold, simulated T1 and T2 weighted 

images in s2 with parameters A1, d1, A2, d2, 𝜎, SNR, and CN were used. Figure 7.29 shows the 

histogram of the gradient direction difference of 620 pixels on the edge of contrast from images 

with A1 = 130, A2 = 70, SNR = 100, and CN = 2, 3, 4, 5, 6, 7, 8, and 9. It can be seen that more 

gradient direction differences are centered around 180 degree when CN is higher. 

        Binary classification and Youden’s index was again used to determine the optimal direction 

gradient threshold (𝑇Î = 𝑇ÎÏ − 180 = 𝑇ÎÀ − 180 ). Figure 7.30 and Figure 7.31 show the 

optimal values of Youden’s index and the optimal direction threshold (TDoptimal) calculated from 

images with CN = 5 and SNR = 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, 120, 130, 140, and 

150. Each data point in Fig. 7.30 and Fig. 7.31 is the averaged value of 1000 simulated images 

with random Rician noise. It can be seen that neither Joptimal nor TDoptimal changes with SNR. It is 

also noticeable that Joptimal in Fig. 7.21 when CN = 5 is greater than Joptimal in Fig. 7.30, indicating 

the magnitude threshold is the dominant operator in the CGH algorithm. 
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(a) (b)  

(c) (d)  

(e) (f)  

(g) (h)  

Figure 7.29: Histogram of the gradient direction difference of 620 pixels on the edge of 
contrast are shown with (a) CN = 2, (b) CN = 3, (c) CN = 4, (d) CN = 5, (e) CN = 6, (f) CN = 

7, (g) CN = 8, and (h) CN = 9. 
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Figure 7.30: Optimal J value is shown at CN=5 and various SNR. 

 

 

Figure 7.31: Optimal direction threshold is shown at CN=5 and various SNR. 

 

        In conclusion, when CN ≤ 5, the dominant operator for the CGH algorithm is the optimal 

magnitude threshold which depends on the background intensity, SNR and CN, as shown in Eq. 

(7.5).  
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        The CGH algorithm with the Gaussian filter was applied to the real MR images, as is shown 

in Fig. 7.32. The optimal magnitude thresholds of the real T1 and T2 images are determined as 7 

and 2. The directional thresholds were not taken into consideration based on the conclusion that 

the magnitude threshold is the dominant operator in the CGH algorithm. Among the four fused 

images with different fusing parameters, Fig. 7.32 (c) with the CGH algorithm (T1 magnitude 

threshold 7, and T2 magnitude threshold 2) applied to the Gaussian pyramid level 1 best 

highlights the contrast edge. Figure 7.32 (a) with the CGH algorithm (T1 magnitude threshold 2, 

and T2 magnitude threshold 2) applied to the Gaussian pyramid level 1 seems to be able to show 

the contrast agent region because the background region is mostly highlighted while the contrast 

region is not. However, this is a result of the saturation of the contrast region in the real T1 

image. In a more general case, if the contrast region is not saturated, parameters used in Fig.7.32 

(a) won’t be able to differentiate the contrast and the background. It indicates that a low 

magnitude threshold, like used in Fig.7.32 (a), cannot efficiently eliminate the image noise even 

with the Gaussian filter applied. Fig.7.32 (b) with the CGH algorithm (T1 magnitude threshold 7, 

and T2 magnitude threshold 2) applied to the Gaussian pyramid level 0, on the other hand, shows 

that using the optimal magnitude thresholds without the Gaussian filter cannot highlight the 

contrast edge as well as it with the Gaussian filter, like Fig.7.32 (c). In addition, as described in 

Section 7.5.1, the Gaussian pyramid is most effective at the critical Gaussian pyramid level. In 

this real MRI case, the critical level is level 1. As is shown in Figure 7.32 (d) with the CGH 

algorithm (T1 magnitude threshold 7, and T2 magnitude threshold 2) applied to the Gaussian 

pyramid level 2, Gaussian pyramid level that is higher than 1 only blurs the contrast edge as 

compared to Fig. 7.32 (c). 
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Figure 7.32: Fused Image processing was done using the CGH algorithm and Gaussian 
filter with parameters in Table 7.6. All images were resized for the ease of comparison. 

 

Table 7.6: Parameters used in the image fusion of Figure 7.32. 

Image a b c d 

T1 magnitude threshold 2 7 7 7 

T2 magnitude threshold 2 2 2 2 

Gaussian filter level 1 0 1 2 
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8.    Conclusion 

 

        This part of dissertation shows by using dual-mode MRI contrast agent and image fusion 

algorithms, the sensitivity and spatial resolution of MRI can be enhanced significantly. Spatial 

varying samples that contain both the region of DMCA and the region of reference were 

prepared and imaged by MRI. MnCl2 solutions with concentrations between 0.1 mM and 1 mM 

showed promising DMCA with both T1 and T2 effects. Image registration and noise removal 

were discussed and applied to the MR images with the Gaussian pyramid used to eliminate the 

Rician noise. To obtain MRI with better quality, five algorithms were developed and studied. 

The AND Gate (AND) algorithm works for uniform test images, but is less functional for real 

MR images because the thresholds are not known for an arbitrary set of images. The Contrast 

Division (CD) algorithm can enhance the effect of contrast agents. It is best used in studying the 

performance of potential DMCA or making a visible contrast effect more prominent. The 

Nearest Neighbor Method (NNM) highlights the invisible contrast agent’s effect and improves 

the sensitivity for both test and real MR images. The Gradient Highlight (GH) algorithm works 

for simulated images without noise, but is not practical because of its inaccuracy in images with 

noises. A more sophisticated image gradient, Controlled Gradient Highlight (CGH), is 

developed. Our results show that with an optimization of thresholds, CGH can effectively 

highlight the invisible region of contrast agents.
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9.    Fluorescent Microthermal Imaging of Magnetic Hyperthermia 
 

 

“Give me a chance to create a fever and I will cure any disease.” 

- Parmenides, ~ 500 BC 

 

        Cancer is a leading cause of death worldwide, and the number of new cases is expected to 

rise by 70% over the next two decades [52]. It is one of the biggest challenges in our time 

because of the difficulty of timely diagnosis and the limitations of available treatment options. 

The main types of cancer treatment include surgery, radiation therapy, chemotherapy, and 

immunotherapy. However, all of them have undesirable side effects that are harmful to 

surrounding normal tissues. In this context, much effort has been made to find alternative 

approaches for cancer treatment.  

        Heating has been known for a long time to have a strong healing effect by destroying 

bacteria, viruses, and dysfunctional cells. Heating of certain organs or tissues as a treatment of 

cancer is an established technique in both experimental and clinical oncology. The use of heat is 

one of the oldest cancer therapies known. The first recorded application can be found in the 

Edwin Smith Surgical Papyrus which dates back to 3000 years BC, when Egyptians tried to burn 

out superficial tumors [53].  

        Heating to temperatures between 41 ºC and 46 ºC is called hyperthermia, while higher 

temperatures between 47 ºC and 56 ºC, which leads to widespread necrosis, coagulation or 

carbonization, is called thermoablation. In modern clinical oncology, themoablation is 
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undesirable because of its side effects and complications. Hyperthermia, on the other hand, has 

been demonstrated as a promising alternative cancer therapy because it can elevate the 

temperature of cancerous cells while keeping that of the normal cells at a reasonable level [54]. 

Hyperthermia is now under study in clinical trials and is not widely available. However, as early 

as 1866, Busch found that temperatures slightly above 42 ºC have no effect on healthy tissue, but 

can stop tumor cells from growing [55]. Tumor tissues are more vulnerable to hyperthermia than 

normal tissues because the tumor tissue has a higher heat sensitivity and a lower cooling 

capability. As tumor cells multiply more rapidly than normal cells, the nearby veins are narrower 

and cannot dissipate heat easily. Therefore, hyperthermia treatment that sufficiently increases the 

temperature of the tumor cells while maintaining the healthy tissue temperature below a survival 

limit could result in fewer side effects than other cancer therapies. 

        Hyperthermia can be divided into whole body hyperthermia, regional hyperthermia, and 

local hyperthermia. The first two categories introduce hyperthermia to a general region where 

both tumor and normal tissue exist. It is more preferable to use local hyperthermia because it 

performs a more focused heating of the tumor and has the least effect on the normal tissue. 

Conventionally, hyperthermia can be achieved by several different ways including microwave 

irradiation using radiofrequency (RF) antennas, ohmic heating using electrode-applied high 

frequency currents, and optical laser irradiation using fibers [56]. However, none of these 

techniques can control the spatial extent of heating in tissue, and they lead to either under-

heating that fails to provide a level of therapeutic temperature or overheating that could damage 

the surrounding normal tissue. Therefore, the development of a novel hyperthermia system that 

can deliver the heat to a tumor deep in the body, with locally controlled thermal effects, while 

leaving normal tissue unaffected is needed. 
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        Magnetic particle hyperthermia (MPH) is an improvement of the conventional heating 

techniques as it enables real local hyperthermia by introducing the heating source (magnetic 

particles) to the tumor tissue. This magnetic approach uses magnetic material to absorb energy 

from an alternating magnetic field (AMF) and convert it into heat. The first investigation was 

carried out by Gilchrist et al. six decades ago. They injected large iron oxide particles into the 

lymph nodes of a dog and by exposing the dog to an AMF, they observed a temperature increase 

of 5 ºC at the iron oxide site [57]. Since then, there have been continuous studies on MPH with 

demonstrated success in clinical trials [58-60].  

        The magnetic particles can be targeted to a tumor region by local injection or tumor-

targeted drug delivery if they are coated with chemical vehicles that have more active interaction 

with cancer cells than normal cells [61]. After the magnetic particles are introduced to the tumor 

tissue, they are subjected to an AMF at a frequency of 10r to 10X Hz. The magnetic particles 

dissipate the energy of AMF into heat by several physical mechanisms, which will be discussed 

in detail in Chapter 10. Large power losses are desirable for MPH treatment because sufficient 

heating can be achieved by using a minimal dosage of magnetic particles. Specific absorption 

rate (SAR), defined as the thermal power per unit mass, is used to quantify the heat generation of 

magnetic particles by an AMF. In order to obtain high SAR, a lot of research has been done to 

optimize particle properties and AMF strengths and frequencies [62-69].  Although substantial 

developments have been made, further improvements are needed before MPH becomes a 

standard cancer therapy.  

        One of the challenges is realizing and controlling the temperature distribution of the 

magnetic particle inside and outside of the target zone on an appropriate length scale. Normally, 

SAR is determined by using a coil and fiber optic probes to measure the temperature rise of 
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magnetic particle suspensions. Calorimetric measurement of MPH will be discussed in Chapter 

11. Macroscopic measurement calculates SAR based on the slope of the temperature as a 

function of time. However, such measurements cannot provide the temperature distribution of 

magnetic particles. Moreover, various aspects can influence the measurement of MPH such as 

the heat generated by the coil, volume of the sample, heat losses of the media surface and the 

sample container, positioning of the temperature sensor, etc. In fact, it has been shown that the 

same magnetic material shows different SAR at the same AMF [70]. In addition, MPH studied 

by calorimetric measurement has to consider both the particle magnetization changes and the 

physical movements between the particles and the viscous medium. Thus, with the conventional 

method of measurement, it is difficult to determine the exact physical mechanism causing the 

heating, and the dependence of this heating on particle and field characteristics. Therefore, a new 

method that can eliminate external influences and facilitate measurement on a smaller length 

scale with temperature distribution is highly desirable because it is more likely to yield 

information about the mechanism. 

        One technique to measure the temperature variations on microscopic length scales is 

fluorescent microthermal imaging (FMI). FMI provides an accurate assessment of the 

temperature with sufficient sensitivity and on the appropriate length scale. FMI measures the 

temperature variations through the use of a dye with a strong temperature-dependent 

fluorescence emission. In this research, I apply FMI to the measurement of localized heating of 

magnetic particles by an AMF. The rare earth dye, europium thenoyltrifluoroacetonate (EuTTA), 

is used as the molecular temperature probe. The EuTTA/iron oxide/polymer matrix sample 

preparation will be described in Chapter 13. It shows that FMI provides a more accurate way to 
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measure small temperature changes on small length scales, and ensures the temperature changes 

come from magnetic particle only, and not the surroundings. 
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10.    Magnetic Particle Hyperthermia 

 

10.1    Introduction 

         

        Magnetic particle hyperthermia (MPH) has been intensively studied as a promising cancer 

therapy [19, 62-65, 71, 72] because tumor cells have higher sensitivity to heat than normal cells. 

Magnetic particles, after introduction into tumor tissue, absorb energy when exposed to an 

alternating magnetic field (AMF). They will then convert the energy into heat, which can raise 

the temperature of tumor tissue to 41 ºC to 46 ºC. This will affect the normal cells reversibly, but 

can destroy the tumor cells irreversibly [73]. The effectiveness of transferring the energy into 

heat can be characterized by the specific absorption rate (SAR), defined as the thermal power 

generated per unit mass. SAR depends on the nature of the magnetic particle, the strengths and 

frequencies of the AMF, as well as some external factors such as the viscosity of the magnetic 

suspension fluid. Many empirical results on optimizing these parameters have been reported in 

the literature [62-69]. 

        There are several physical mechanisms behind MPH. The main underlying physical 

phenomena leading to energy dissipation in magnetic particles with low electrical conductivity 

are the rotation of magnetization within particles and the viscous frictional losses due to the 

physical rotation of particles.  

         Magnetization is the magnetic dipole moment per unit volume in a magnetic material. In 

ferromagnetic materials, all spins are aligned parallel to each other due to a strong positive 

interaction between the neighboring spins, as shown in Fig. 10.1 (a). Ferrimagnetic materials, on 

the other hand, have two orientations of the spins that are opposite to each other due to the 
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negative interaction between the two states. In the case of ferrimagnetism, the magnitude of spins 

in one orientation is always larger than the other, so that a net magnetization exists without an 

external magnetic field, as shown in Fig. 10.1 (b). The magnetization direction of alignment 

depends on magnetic anisotropy, which mainly includes sample shape, crystalline character, 

strain, and surface anisotropy. When an external magnetic field is applied to the magnetic 

material, interaction energy can cause magnetization and the magnetization direction to change. 

 

Figure 10.1: The orientations of spins of (a) ferromagnetism, and (b) ferrimagnetism. 

 

        The response of magnetization to the applied field can be described by a plot of the 

magnetization of a particle (M) vs the external magnetic field (H). For ferromagnetic and 

ferrimagnetic materials, the M vs H plot is highly non-linear. Often, it displays hysteresis, 

because the magnetization depends on the history of the applied field. When an external field is 

applied, the work it does can be described by [74] 

𝑊Ï = 𝐻𝑑𝑀.                                                       (10.1) 

        A hysteresis loop is generated by measuring M as a function of H, as is shown in Fig. 10.2. 

Generally, the magnetization gets stronger with increasing applied magnetic field strength. The 

magnetization approaches the saturation magnetization, Ms, as the field is increased to very large 

values. As the field decreases, the magnetization decreases. However, the magnetization process 

may be irreversible, which means the magnetization does not come back to zero upon the 
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removal of the field. Instead, at 𝐻 = 0, the magnetization reaches a finite value Mr, called the 

magnetic remanence. Further increase of H in the negative direction further reduces the 

magnetization. When 𝐻 = 𝐻), the magnetization falls to zero. 𝐻), called the coercivity, is known 

as the magnetic hardness of a material. For an applied AC magnetic field with amplitude large 

enough to saturate M, a single cycle of the field will dissipate energy equal to the area 

surrounded by the hysteresis loop. 

 

Figure 10.2: A hysteresis curve is shown with 𝑯𝒄, Mr, and Ms. 

 

        It is known that magnetic properties vary significantly on different particle size. When a 

ferrimagnetic or ferromagnetic particle size is sufficiently small (for iron oxide, normally size ≤ 

20 nm), the anisotropy energy is smaller than the thermal energy. Magnetization can rapidly flip 

and there is no net magnetization. The work done depends on time scales, i.e. relaxation. When 

the particle becomes larger but still remains single domain, hysteresis is mainly caused by the 

M

H

MsMr
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rotation of magnetization within the particle, which can be described by the Stoner-Wohlfarth 

model. If the size increases even further, the particle will become multidomain. 

        In the next sections, each size range will be discussed. In addition to magnetization rotation, 

particles can physically rotate in a viscous medium. Therefore, viscous energy will also be 

included. 

 

10.2    Small Particles 

         

        When ferromagnetic or ferrimagnetic nanoparticles are very small (for iron oxide, normally 

size ≤ 20 nm), these particles can jump between possible magnetic orientations due to thermal 

energy. In the case that magnetic particles have uniaxial anisotropy, there are only two stable 

orientations. The barrier that separates the two orientations (local energy minima) is the same as 

the particles’ anisotropy energy, 𝐸³ = 𝐾𝑉, where 𝐾 is the magnetic anisotropy and 𝑉 is the 

particle volume. The transition from one minimum to the other can be activated by thermal 

fluctuations. This process is normally called Néel relaxation, with the mean time of varying 

magnetization, the Néel relaxation time, given by [75] 

𝜏¥ = 𝜏+ ∙ 𝑒
ýþ
de ,                                                        (10.2) 

where 𝑘 is the Boltzmann’s constant, T is the temperature, and 𝜏+ is an empirically derived value 

in the range of 10-W' to 10-. s. 

        If an external magnetic field is applied, it brings energy to the particles and assists magnetic 

moments in overcoming the energy barrier. The two energy minima reduce to one single 

minimum, as is shown in Fig. 10.3.  



	 83 

        For magnetic particle suspensions, in addition to the Néel relaxation, another relaxation path 

may come from the physical rotation of particles due to the magnetic field. This process, known 

as Brown relaxation, also serves as a possible source of heating. The Brown relaxation time is 

given by [76] 

𝜏³ =
E©ÿ!
}~

,                                                          (10.3) 

where 𝑉" is the hydrodynamic volume of a particle, 𝜂 is the viscosity of the medium, k is the 

Boltzmann’s constant, and T is the temperature. The Néel relaxation and Brown relaxation takes 

place in parallel, and the reorientation process is described by the effective relaxation time, 

which is given by [77] 

W
#
= W

#g
+ W

#o
.                                                        (10.4) 

Figure 10.4 shows the simulated relaxation times as a function of particle size for magnetite 

nanoparticles with the anisotropy constant 𝐾 = 30000	J∙m-3, temperature = 293 K, viscosity 𝜂 =

0.00089	kg∙m-1∙s-1, and 𝜏+ = 10-.	s. The dominate relaxation mechanism is given by the 

smaller of the two relaxation times at a given particle size. 

 

Figure 10.3: Curve of thermal energy and magnetization is shown without (solid line) and 
with (dashed line) an external magnetic field. 

kT 
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Figure 10.4: Simulated curve of relaxation time is plotted as a function of particle size for 
magnetite nanoparticles with anisotropy constant = 30000 Jm-3, temperature = 293 K, 

viscosity = 0.00089 kgm-1s-1, and 𝝉𝟎 = 𝟏𝟎-𝟗. 
 

10.3    Single Domain Particles 

         

        For larger particles, the anisotropy energy will become too large for thermal effects to be 

important on the time scales of typical measurements. In this case, the magnetization is fixed 

with respect to the particle. However, it can rotate and possibly flip orientation if a sufficiently 

large field is applied. This can be described using the Stoner Wohlfarth model. 

 

10.3.1    The Stoner Wohlfarth Model 

        

         The Stoner Wohlfarth model, proposed by Stoner and Wohlfarth in 1948 [78], is a simple 

case of magnetic hysteresis, commonly used to describe the magnetic properties of an ellipsoidal 

single-domain ferromagnetic or ferrimagnetic particle in an external magnetic field, as is shown 
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in Fig. 10.5. The model assumes a uniaxial anisotropy due to both the particle shape and 

crystalline character. In the absence of an applied field, the magnetization M will lie along the z 

axis, also known as the easy magnetization axis. The angle between M and z is 𝜃. The external 

magnetic field H0 makes an angle of 𝜑 with the z axis. The total energy is given by 𝐸 = 𝐸¼ +

𝐸äæèæ + 𝐸å)æáß [79]. 𝐸¼ is the magnetocrystalline anisotropy 

|º
ÿ
= 𝐾Wsin'𝜃,                                                       (10.5) 

where 𝐾W is the first uniaxial anisotropy constant and 𝑉 is volume of the particle. 𝐸äæèæ is the 

magnetostatic energy, which is given by 

|*Ø+Ø
ÿ

= − W
'
𝜇+[𝑁∥𝑀.

' + 𝑁/ − 𝑁∥ 𝑀.
']sin'𝜃,                                (10.6) 

where 𝑁∥ and 𝑁/ are the demagnetization factors in the perpendicular and parallel direction to 

the z axis, and Ms is the saturation magnetization. 𝐸å)æáß is the interaction energy with H0, and is 

given by  

|12ØÕ3
ÿ

= −𝜇+𝑀.𝐻+ cos(𝜑 − 𝜃).                                        (10.7) 

        By minimizing the energy of the magnetic particle, a hysteresis loop can be obtained. The 

shape of the hysteresis loop has a strong dependence on 𝜑. If 𝜑 = 0°, the hysteresis loop is a 

rectangle and the area is 𝐴 = 4𝜇+𝐻4𝑀. = 8𝐾′ where 𝐾� = 𝐾W + 𝜇+ 𝑁/ − 𝑁∥ 𝑀.
'/2 is effective 

anisotropy constant, and 𝜇+𝐻4 =
'5�
¦6

 where 𝐻4  is the coercivity. If 𝜑 = 90°, the hysteresis loop 

becomes a straight line. In the case of an assembly of random oriented magnetic particles, at 

temperature 𝑇 = 0K, the average saturation magnetization equals W
'
𝑀., the average coercivity 

𝐻) = 0.48 '5�
¦6

, and the area inside the hysteresis loop is 𝐴 = 2𝜇+𝐻)𝑀. = 1.92𝐾′.        
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Figure 10.5: Ellipsoid-shaped single-domain particle with semiaxis 𝒄 ≥ 𝒃 = 𝒂 is exposed to 
a magnetic field H0. 

 

        The Stoner Wohlfarth model was recently expanded by Carrey et al [80] by taking into 

account the frequency of the magnetic field and the thermal activation. They found 

𝐴 ≈ 4𝜇+𝑀.𝐻) ≈ 8𝐾W(1 − 𝜅
i
q)                                            (10.8) 

for 𝜑 = 0°, and 

𝐴 ≈ 2𝜇+𝑀.𝐻) ≈ 1.92𝐾W(𝑏 − 𝜅§)                                         (10.9) 

for an assembly of randomly oriented magnetic particles where b and n are empirically 

determined as 𝑏 = 1, 𝑛 = 0.8 ± 0.05, and 𝜅 is the thermal effect term at finite temperature that 

𝜅 = }~
5�ÿ

ln	( }~
r:p¦6"pÿó#p

) ,                                             (10.10) 

with f the frequency of 𝐻+, T the temperature, 𝜏+ the same as in Eq. (10.2),	𝑘 the Boltzmann’s 

constant, and V the particle volume. Another group Usov et al [81] also found similar result with 

slightly different coefficients of 𝑏 = 0.9 and 𝑛 = 1.  

        The Stoner Wohlfarth theory describes an ideal system that could deliver the highest 

amount of hysteresis energy described in Eq. (10.8). This loss only occurs if the external field is 
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larger than 𝐻), however, due to limitations in practice, such large energy loss has never been 

achieved.  

 

10.3.2    Particle Rotation in a Viscous Medium 

         

        The Stoner Wohlfarth model describes the magnetization rotation of an ellipsoidal single-

domain ferrimagnetic or ferromagnetic particle in an external magnetic field. The physical 

rotation of such particles in a viscous medium was first outlined by Newman and Yarbrough in 

1968 [82]. They gave the equations of motion for a single-domain magnetic particle in a viscous 

medium with an external magnetic field H0, as shown in Fig.10.5 as 

𝐼𝜑 + 𝐿 + 𝐾′𝑉 sin 2𝜃 = 0                                         (10.11) 

and 

𝐾′ sin 2𝜃 −𝑀.𝐻+ sin(𝜃 − 𝜑) = 0.                                      (10.12) 

where 𝐼 is the moment of inertia of the particle and the medium, L is the dissipative viscous 

torque, V is the volume of the particle, 𝐾′ is the effective anisotropy constant, and Ms is the 

saturation magnetization.  

        For an ellipsoidal particle with semiaxis 𝑐 ≥ 𝑏 = 𝑎, the acicularity 𝑘 = 𝑐/𝑎. The equivalent 

spherical radius, 𝑅Æ, can be written as 

(𝑅Æ 𝑐)E =
q
t(}

qkW)

[}t(}q-iq)/(}
q-W)t q] é)

d¹ dqai
i q

da dqai
i q -}u (}q-W)

.                   (10.13) 

The inertia term in Eq. (10.11) is ~ 10-8 and is negligible, so the equations of motion become 

sin 2𝜃 + 𝐷 sin 𝜃 − 𝜑 = 0                                               (10.14) 

and                                                         𝜑 + 𝐸 sin 2𝜃 = 0,                                                   (10.15) 
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where 

𝐷 = 𝑀.𝐻+/𝐾,                                                       (10.16) 

𝐸 = 𝐾𝑉/8𝜋𝑅ÆE𝜂,                                                    (10.17) 

and 𝜂 is the viscosity coefficient. The Newman and Yarbrough model describes the relaxation of 

the magnetic moment in a viscous medium without taking into account the thermal fluctuations. 

 

10.4    Multidomain Particles 

                

        Once particles become larger than some critical size, they become multidomain. These 

domains are separated by thin transition regions, i.e. domain walls. Each magnetic domain is a 

region where individual magnetic moments are parallel and the magnetization is constant 

throughout. The division into multiple domains separated by domain walls is a consequence of 

minimization of the magnetostatic energy, 𝐸òèë)áæãäæèæå>. Magnetostatic energy is generated by 

the internal magnetic field that is opposite to magnetization of a particle. For ferromagnetic 

particles, spins are aligned parallel to each other so as to minimize the exchange energy, 

𝐸á?>@è)ëá. However, the parallel alignment of magnetic moments creates large internal magnetic 

fields and increases 𝐸òèë)áæãäæèæå>. Therefore, multiple domains with antiparallel magnetizations 

are formed to balance 𝐸á?>@è)ëá and 𝐸òèë)áæãäæèæå>. In addition, multiple domains break the 

balance of the magnetoelastic energy 𝐸òèë)áæãáéèäæå> and the magnetocrystalline energy 

𝐸òèë)áæã>ßAäæèééå)á. Magnetocrystalline energy is the energy to magnetize a domain in certain 

directions, which is minimum when the magnetization of a domain is along its easy axes. 

Domain walls also introduce an energy 𝐸Bèéé. Therefore, the total energy in the formation of 

multidomain is [83] 
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𝐸æãæèé = 𝐸á?>@è)ëá + 𝐸òèë)áæãäæèæå> + 𝐸òèë)áæãáéèäæå> + 𝐸òèë)áæã>ßAäæèééå)á + 𝐸Bèéé    (10.18) 

Macroscopic ferromagnetic material divides into multiple domains to minimize 𝐸æãæèé. 

        When applying an external magnetic field (H) to a multidomain magnetic particle, the net 

magnetization of the particle (M) gets stronger with higher H, and the domain walls assume new 

positions. This is an irreversible domain wall motion because the initial wall positions cannot be 

restored. In other words, domains do not return to their original orientations when H decreases 

after M reaches Ms. The magnetic rotation due to the formation of new domain walls also occurs 

spontaneously. As a result, if H is decreased, M is gradually decreased along a new path, as is 

shown in Fig. 10.2. This is the origin or cause of hysteresis. 

         Domain wall motion is caused by a uniform pressure from H on the wall dividing two 

domains that have different angles between their magnetizations and H. This leads to the change 

of domain shape through domain volume expansion. Domain wall motion stops when a wall 

reaches the surface or grain boundaries, but magnetization rotation continues until it reaches Ms 

so as to get closer to the direction of H. The process of domain wall motion and magnetization 

rotation is shown in Fig. 10.6 when a multidomain particle is exposed to an external field. 

 

Figure 10.6: The process of domain wall motion and magnetization rotation is shown with 
an external magnetic field. 
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10.5    Heating Rates 

         

        Specific absorption rate (SAR), defined as the thermal power per unit mass, is used to 

quantify the heat generation of magnetic particles by an AMF. For MPH, SAR is generally given 

by 

SAR = C
D
,                                                            (10.19) 

where P is the power absorption density, and 𝜌 is the density of the magnetic particle. 

        High SAR is achievable through optimizing material properties (material, shape, size, 

coating, concentration, etc.) for a given set of conditions (field strength, frequency, medium 

viscosity, etc.). Much interest has been devoted to optimizing these properties in empirical 

studies [62-69] to achieve high SAR, which is mostly obtained through the ‘rate of temperature 

rise’ method [84]: 

SAR = 𝐶 ∆~
∆�

,                                                     (10.20) 

where C is the heat capacity of the magnetic particle suspension, and ∆~
∆�

 is the slope of the 

temperature increase ∆𝑇 as a function of time ∆𝑡. For example, the optimal size of a magnetic 

particle is shown by Giustini et al in Fig. 10.7, where a magnetic particle whose size is close to 

the transition size of single domain and multidomain exhibits the highest SAR and smaller size 

[84]. 

        Calorimetric measurement of SAR is normally done using a coil and fiber optic probes to 

measure the temperature rise of magnetic particle suspensions. This traditional measurement 

method will be discussed in the next chapter. 
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Figure 10.7: The dependence of SAR on magnetic particle diameter. [84] 
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11.    Calorimetric Measurement of MPH 

 

11.1    System Setup 

         

        Calorimetric studies of MPH require placing magnetic particles in an AMF, which is 

normally generated by a solenoid, and create an approximately uniform magnetic. The magnetic 

field generated within a solenoid depends on its turns density and the current: 

𝐻 = 𝑛𝐼,                                                               (11.1) 

where I is the current and n is the turn density, which is the number of turns per unit solenoid 

length. 

        To achieve a large field, a solenoid with a high turn density is desirable, therefore, we used 

a high gauge wire with a small diameter to make the coil (32 AWG gauge copper wire, diameter 

𝑑 = 0.2032	mm, and turn density 𝑛 = W
+.'+E'

= 4.92	mm-W = 4920	m-W). The solenoid was a 

single wire layer and had 100 turns (𝑁 = 100) with a length 𝑙 = 0.2032	mm	×100 =

20.32	mm. The theoretical resistance of the solenoid is given by 

𝑅 = DF
¼

,                                                                (11.2) 

where 𝜌 is the resistivity of copper (𝜌 = 1.68×10-G	Ω ∙ m), A is the cross-sectional area of the 

wire (𝐴 = 𝜋 &
'

'
), and S is the total length of the wire. 𝑆 = 2𝜋𝐷𝑁 = 16.34	m, where D is the 

radius of the solenoid (𝐷 = 26	mm). Therefore, the resistance was calculated from Eq. (11.2) as 

𝑅 = GDÀÎ
&t

= 8.4	Ω.                                                      (11.3) 
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This value of resistance was confirmed to be 8.4	Ω by an ohmmeter. The theoretical inductance 

of a solenoid is 

𝐿 = 𝜇+
¥q¼
À
= 3.3×10-r	H,                                           (11.4) 

where 𝜇+ is the permeability of free space (4𝜋×10-X	N∙A-2). The measured inductance of the 

solenoid was 4.73×10-r	H. 

        Apart from the turn density, the generated AMF also depends on the current passed through 

the solenoid. In this research, sinusoidal signals are provided and controlled by a function 

generator (Simpson 420) and amplified by a power amplifier (Hafler 9505).  

        Since the current in a circuit can reach the maximum at the resonant frequency, an inductor-

capacitor (LC) circuit is set up using the solenoid (L), the power supply, and an assembly of 

parallel mica capacitors (C) with various values. The resonance frequency can be tuned by 

adding and removing capacitors, as shown in Fig. 11.1. The resonance frequency of an LC 

circuit is 

𝑓+ = 1/2𝜋 𝐿𝐶,                                                          (11.5) 

where C is the capacitance of the capacitor assembly. In practice, the strength and frequency of 

the AMF are limited by 𝑓𝐻 < 5×10.	A ∙ m-1∙s-1 for biological compatibility [85] in 

hyperthermia therapy. Consequently, it is necessary to both tune and monitor the strength and 

frequency of the AMF. 

        A challenge of calorimetric studies is that the sample must be thermally isolated from the 

surroundings. The solenoid generates not only magnetic field but also heat from the current, and 

therefore has to be actively cooled. Inner and outer water-jackets were customized for the 

solenoid to remove the coil-generated heat. Water from a refrigerated circulator (Neslab RTE 

100) with the temperature controller set at 15 ºC was pumped through both jackets. A diagram of 
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the solenoid and water jackets are shown in Fig. 11.2. Samples were placed in the cylindrical 

cavity inside the inner water jacket.  

 

Figure 11.1: The LC circuit for calorimetric measurement. 

 

              

Figure 11.2: Side view (left), and top view (right) of the solenoid with two water jackets. 
The radius of the cylindrical cavity is r. 



	 95 

        The magnetic field generated by the solenoid is measured by a magnetic field probe 

(Magnetic Science MC162) with a working frequency from 2 kHz to 1 MHz. The resonance 

frequency was tuned to 42 kHz with the capacitance of capacitor assembly 𝐶 = 30	nF 

determined by Eq. (11.5), because the probe was designed to have the minimum nominal error of 

4% at this frequency. Input signals of the function generator and the output signals of the 

magnetic field probe were both monitored by an oscilloscope (Tektronix 2235). Figure 11.3 

shows the generated magnetic field inside the cylindrical cavity (Houtput) vs the input voltage 

(peak-to-peak) of the function generator. The generated field was found to have a linear 

relationship to the input to the function generator. 

 

Figure 11.3: The generated magnetic field is shown as a function of the input voltage of the 
function generator. 

 

11.2    Sample Preparation         

 

        Although any magnetic particle that can generate heat in an AMF can theoretically be used 

for MPH, hyperthermia therapy requires a material that not only has a strong magnetic property, 

but also is non-toxic and biologically compatible. Thus, iron oxides, such as magnetite or 

maghemite, are the most commonly used agents for MPH [62, 67, 69, 86-88]. In our calorimetric 
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measurements, an aqueous suspension of magnetite (Fe3O4) nanoparticles with size < 50 nm is 

used. This size is chosen based on Fig. 10.7, which shows that particles with sizes close to the 

transition size of single domain and multidomain have the highest SAR. For Fe3O4, the transition 

size is slightly larger than 50 nm [89]. The sample used in the calorimetric measurement was 

prepared by putting 10 mg of magnetite nanoparticle power (Aldrich) and 0.5 ml distilled water 

(concentration = 10 mg/ml) into a 1 mL vial. The sample was then placed in a sonicator (Branson 

1510 Ultrasonic Cleaner) for one minute to disperse the magnetic particles. 

        The sample was then put into a customized plastic sample holder that fits into the 

cylindrical cavity of the solenoid, as is shown in Fig. 11.4. An optical thermometer (Luxtron 

3100) probe was suspended above the sample to measure the temperature change, because 

optical thermometer, rather than an electronic thermometer, can avoid self-heating of the 

conducting parts caused by eddy currents. All the measurements were taken multiple times.  

 

Figure 11.4: Schematic diagram shows the accommodation of the sample to the solenoid. 
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11.3    Result and Discussion 

       
        Figure 11.5 shows the time dependent temperature change of the iron oxide suspension 

subjected to a field with strength 𝐻 = 14	kA/m and frequency 𝑓 = 31.25	kHz (measurement 1, 

upper plot), and a field with strength 𝐻 = 28	kA/m and frequency 𝑓 = 31.25	kHz 

(measurement 2, lower plot), respectively. As is shown in Fig. 11.5, for both measurements, the 

longer the magnetic field is applied, the higher the temperature of the sample is. However, the 

same trend also occurs for the water reference sample, which is not ferrimagnetic or 

ferromagnetic and so should show negligible heating. In both measurements, the temperature 

difference between the iron oxide suspension and the reference sample remains small through the 

whole half-hour period. These data indicate that the calorimetric measurement cannot accurately 

describe the hyperthermia property of the magnetic particles, since little difference was observed 

between the magnetic sample and the non-magnetic sample or MPH is too little to observe. Heat 

generated by the coil could lead to the rise of water temperature. In addition, the position of 

probe, size distribution of sample fluid, and sample container could also be reasons that 

calorimetric measurement did not work, which will be discussed in the next paragraphs. 

        Many empirical results through calorimetric measurement in the literature did not compare 

the results with reference samples [62, 66-69, 83, 85, 90]. It should be noted that a fixed 

background temperature, like the temperature of the water bath, is not enough to draw the 

conclusion that the empirical results are not affected by other factors. In both measurements, the 

temperature of the refrigerated circulator was set at a fixed value, and the temperature changes 

close to the mouth of the sample vial were measured and found stable, as is shown in Fig. 11.6. 
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Figure 11.5: The time dependent temperature changes of the iron oxide suspension 
compared to pure water subjected to a field with strength 𝑯 = 𝟏𝟒	k𝐀/𝐦 (upper) and 

frequency 𝒇 = 𝟑𝟏. 𝟐𝟓	k𝐇𝐳 and a field with strength and strength 𝑯 = 𝟐𝟖	k𝐀/𝐦 (lower) 
and frequency 𝒇 = 𝟑𝟏. 𝟐𝟓	k𝐇𝐳 are shown. 
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Figure 11.6: Temperature changes close to the mouth of the vial for both measurements. 

 
         
        In addition, the conventional calorimetric measurements of SAR reported in the literature 

had very little detailed information on the instrumentation or the samples. However, without a 

thorough understanding of the various factors that may influence the energy dissipation, 

calorimetric measurement could lead to significant error in studying SAR. For instance, heat 

losses of the media surface and the sample container can be important when the sample is small. 

The temperature distribution of the sample fluid is not uniform due to the heat losses and 

inhomogeneous AMF distribution, whereas the positioning of the temperature sensor becomes 

critical. Also, nanoparticles tend to aggregate to minimize the surface free energy. Therefore, the 

size distribution of particles is normally rather broad and may extend from single domain to 

multidomain. The magnetic properties also vary among particles with varying shapes and 

structural imperfections. In fact, the same magnetic material with identical volumes shows 

different SAR at the same AMF [70] and there are many reported inconsistencies between the 

theoretical models and the current experimental results [63, 83]. Therefore, accurate 
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measurement of heat generated by magnetic particles is necessary to evaluate the performance of 

particles and determine the theoretical models. Without a separation of the various factors 

influencing the results, it is difficult to arrive at any conclusion regarding MPH. 

        Moreover, in order to evaluate and to determine the optimal dose for hyperthermia therapy, 

the temperature distribution inside and outside the target zone should be known. This is a serious 

restriction of calorimetric measurements, because they can only measure the average temperature 

over the sample. Therefore, a new method that can eliminate external influences and facilitate 

measurement on a smaller length scale with temperature distribution is highly desirable. 
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12.    Fluorescent Microthermal Imaging 

 

12.1    Introduction 

         

        As introduced in Chapter 9, tumor cells are very sensitive to high temperature, and normal 

cells need to be left comparatively unaffected during the hyperthermia process. Thus, controlling 

the locality and the magnitude of the temperature is very important for MPH, and the assessment 

of the temperature must be done on the appropriate length scale. One technique to measure 

temperature variations on microscopic length scales is fluorescent microthermal imaging (FMI). 

FMI involves doping a sample with a dye with a strong temperature-dependent fluorescence 

emission and using the changes in the emitted light to measure the temperature. 

        Traditionally, standard thermal imaging using infrared (IR technique) can determine the 

temperature form the infrared radiation. However, it is not able to quantitatively generate high 

resolution thermal maps near room temperature and on the microscopic length scale. FMI, on the 

other hand, can meet the needs of both high temperature resolution and high spatial resolution.  

         FMI was first used for measuring the temperature profile of integrated circuits by Kolodner 

and Thyson in 1982 [91]. The technique was then improved [92], and expanded to be used in 

biological processes [93-97], failure analysis [98-100], and to measure three dimensional 

temperature profiles using two-photon microscopy [101] and for microelectromechanical 

systems (MEMS) devices [102, 103].  
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12.2    Fluorescent Dye 

         

        In the FMI technique, a dye with strong temperature-dependent fluorescence emission plays 

a crucial role in measuring the local temperature. A number of temperature-dependent 

fluorescent dyes, or molecular thermometers, have been identified. These have a steep drop in 

emission intensity with increasing temperature between −10	℃ to 100 ℃ [101, 104-106]. Rare 

earth chelates, due to their fluorescence responses to UV excitation sources, are suitable 

candidates for FMI. Among them, europium thenoyltrifluoroacetonate (EuTTA) is the most 

frequently used [91, 92, 94-97, 100, 102-104] because of its availability, its strong temperature 

dependence near room temperature, its high quantum yield, and its absorption and emission 

characteristics.  

        Figure 12.1 shows the absorption and emission spectra for a film sample of EuTTA doped 

into a polymethyl methacrylate (PMMA) matrix at room temperature. The sample was prepared 

by mixing 9 mg EuTTA powder (Acros Organics) with 99 mg PMMA (Scientific Polymer 

Products), dissolving them in 3 ml chloroform solution (Fisher Scientific), and casting the 

solvent onto a glass substrate. The chloroform evaporated and left the EuTTA/PMMA film. As is 

shown in Fig. 12.1, the main absorption band is broad and centered around 350 nm, while the 

emission is sharp and centered at around 615nm, so that the excitation source and fluorescence 

emission are largely separated in wavelength.  

        UV radiation can hardly excite the rare earth ions, but by coordinating the rare earth ions 

with organic ligands of high molar absorption coefficients, UV radiation can excite the complex 

through intermolecular energy transfer. The TTA organic ligand absorbs energy from the UV 

radiation as an antenna and resonantly transfers the energy to the europium iron. There are 
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several emission transitions between Eu3+ energy levels with the strongest one from 5D0 to 7F2, 

which generates a photon at 612 nm, as is shown in the emission spectrum of Fig 12.1. EuTTA 

has a quantum yield of approximately 20%. Moreover, the energy transfer from the ligand to the 

Eu3+ ion is highly temperature dependent, resulting in the fluorescence emission dropping 

significantly with increasing temperature. The temperature-dependent emission intensity of 

EuTTA was found empirically by Barton to be given by [107] 

𝑄 𝑇 = 0.398 − 0.07𝑒+.+EW~,                                            (12.1) 

where 𝑄 𝑇  is the quantum efficiency and T is the temperature in Celsius. 

	  

Figure 12.1: The absorption (left) and emission (right) spectra were taken for a film sample 
of EuTTA at room temperature. 

 

12.3    Proof of Concept 

 

        As a proof of concept for FMI, I prepared two samples and performed preliminary tests on 

them. Sample 1 is the same film sample used in Fig. 12.1. Sample 2 was made by mixing 9 mg 

EuTTA with 99 mg PMMA, dissolving them in 3 ml chloroform solution, adding 30 mg stainless 

steel powder (Fine Powder America) into the solution, and casting the solvent onto a glass 
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substrate. The chloroform evaporated and left the EuTTA/stainless steel/PMMA film on the 

substrate. Figure 12.2 shows the fluorescent microscope image of Sample 2, where the black 

spots were mostly stainless steel, and the white spots were EuTTA. Spectral imaging was taken 

by a FALCON chemical imaging microscope (ChemImage, Inc.) with objective 60/0.85. The 

fluorescence excitation was provided by a high pressure mercury burner (Olympus Optical CO., 

LTD) with a wavelength of approximately 365 nm, and the fluorescence emission was measured 

by a liquid crystal tunable filter (LCTF) and a FALCON color CCD camera with the wavelength 

of 615 nm.  

 

Figure 12.2: Fluorescent microscope image was taken for Sample 2. 

 

        Mean intensity emission spectra of both samples under different conditions are shown in 

Fig. 12.3. The measurements were first done in a dark room at room temperature (RT, 25ºC). 

Then the samples were heated by a 250 W IR heat lamp for 30 seconds at a distance of 36 cm 

(between samples and heating source) and after that, the emission spectra were measured again. 

As is shown in Fig. 12.3, both samples have similar spectra before heating, with the peak at 
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around 615 nm as expected. However, after heating, Sample 2’s fluorescence intensity drops 

much more than Sample 1 compared to their initial RT spectra. This indicates that the 

temperature of Sample 2 rises much more than Sample 1, due to the absorption of the IR 

radiation by the stainless steel.  

 

 

Figure 12.3: Emission spectra were taken at room temperature before heating (blue lines) 
and after heating by IR heat lamp (orange lines) of Sample 1 (top) and Sample 2 (bottom). 
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        In addition, we measured the local emission intensity difference of a stainless steel particle 

(dark spot in Fig. 12.2) and a region containing a large amount of EuTTA (white spot in Fig. 

12.2) in Sample 2 before and after heating. It should be noted that a dark spot in Fig. 12.2 

consists of mostly stainless steel with also EuTTA surrounding the stainless steel particles. 

Therefore, the emission intensity of a dark spot in Fig. 12.2 could be measured, and indicates the 

local temperature of the stainless steel particle. Figure 12.4 shows the difference spectra obtained 

by subtracting the spectra after heating from the spectra before heating. The emission intensity 

difference of stainless steel is much higher than EuTTA, indicating a higher local temperature 

caused by the stronger absorption of IR by the stainless steel.  

 

Figure 12.4: Emission intensity difference before and after heating of stainless steel particle 
and EuTTA. 
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        The result of the preliminary tests demonstrated FMI as a potentially useful technique for 

assessment of the temperature at a smaller scale than the calorimetric measurement. In the next 

chapters, I used FMI to quantify the spatial temperature distribution at and near magnetic 

particles in an AMF. 
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13.    Experiment Implementation of FMI 

 

13.1    System Setup 

  

        Like calorimetric measurements, FMI uses a solenoid to create a uniform AMF. Again, we 

used 32 AWG gauge copper wire (the resistivity of copper 𝜌 = 1.68×10-G	Ω ∙ m, diameter 𝑑 =

0.2032	mm, and the turn density 𝑛 = W
+.'+E'

= 4.92	mm-W = 4920	m-W) to make the coil. The 

solenoid had 31 single-wire-layer turns (𝑁 = 31) with a length 𝑙 = 0.2032	mm	×31 = 6.2	mm, 

and its radius was 𝐷 = 0.08	m. The calculated resistance is  

𝑅 = GDÀÎ
&t

= 8	Ω.                                                      (13.1) 

The resistance was measured as 8.9	Ω by an ohmmeter. The calculated inductance of a solenoid 

was 

𝐿 = 𝜇+
¥q¼
À
= 0.39	mH,                                           (13.2) 

where 𝜇+ is the permeability of free space (4𝜋×10-X	m∙kg∙s-2A-2) and A is the cross-sectional 

area of the wire (𝐴 = 𝜋 &
'

'
= 3.24×10-'mm'). The measured inductance of the solenoid was 

0.44	mH. 

        Similar to the calorimetric measurement, an LC circuit powered by a function generator 

(Simpson 420) and amplified by an amplifier (Hafler 9505) was set up with an assembly of 

parallel mica capacitors with various values. The resonance frequency of the LC circuit is 

expressed in Eq. (11.5). The input sinusoidal signal and output signal from the magnetic field 

probe were both monitored by a Tektronix 2235 oscilloscope. 
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        In order to remove the coil-generated heat, the solenoid was equipped with inner and outer 

water-jackets that were attached to a refrigerated circulator (Neslab RTE 100) with the 

temperature controller set at 15 ºC. Figure 13.1 shows the FMI setup where samples were placed 

on the top of an adjustable sample holder which was in the cylindrical cavity inside the inner 

water jacket. The objective lens 60/0.85 of FALCON chemical imaging microscope 

(ChemImage, Inc.) was placed above the samples. 

         

Figure 13.1: The FMI setup includes the solenoid with water jackets, sample holder, and 
microscope objective lens. 

 

        The magnetic field generated by the solenoid was measured by a Magnetic Science MC 162 

magnetic field probe with working frequency from 2 kHz to 1 Mhz. Figure 13.2 shows the 

generated magnetic field inside the cylindrical cavity vs the input voltage (peak to peak) of the 

function generator at 𝑓+ = 20	kHz with tunable capacitor assembly of 𝐶 = 150	nF. The 

generated field was found to have a linear relationship with the input to the function generator. 
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Figure 13.2: The generated magnetic field is plotted as a function of the input voltage of the 
function generator at frequency of 20 kHz. 

 

        In order to evaluate the influence of the objective lens on the magnetic field, the field 

generated by the solenoid with and without an objective in the setup at different input voltages of 

the function generator were measured, as is shown in Fig. 13.3. The difference was found to be 

less than 8%. Also, the temperature of the objective lens in the field was monitored using a 

Luxtron 3100 optical thermometer. Table 13.1 shows the temperature of the objective in the field 

of 3.6 kA/m and 20 kHz with the room temperature at 23 ºC. The small amount of heating to the 

objective did not cause any damage.  

        The EuTTA/PMMA film in Fig. 12.1 was used as a reference sample (non-ferrimagnetic or 

ferromagnetic sample) to test the FMI setup. The reference sample was exposed to fields of 20 

kHz with amplitudes of 3.8 kA/m (Field 1), 5.7 kA/m (Field 2), 7.4 kA/m (Field 3), 9.5 kA/m 

(Field 4), and 11 kA/m (Field 5). The mean intensity of the emission spectra through time is 

shown in Fig. 13.4 where each time frame is approximately 13 s. There was no consistent trend 

on intensity changes through time. Unlike the calorimetric measurement, FMI proves that non-

ferrimagnetic or ferromagnetic material shows negligible heating in an AMF. However, it should 
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also be noted that a major challenge of the FMI study was the shifting of the fluorescent 

microscope image through time mainly due to the thermal expansion. 

 

Figure 13.3: Magnetic field is generated by the solenoid with and without an objective in 
the setup at different input voltages of the function generator. 

 

Table 13.1: Temperature of the objective is shown at different positions in the field of 3.8 

kA/m and 20 kHz with the room temperature at 23 ºC. 

Distance to the coil Temperature after 5 minutes Temperature after 10 minutes 

3cm 23.2 ºC 24.6 ºC 

2cm 25.2 ºC 28.3 ºC 

1cm 30 ºC 34.5 ºC 

 

 

 

0
2
4
6
8

10
12

0 1 2 3 4 5 6 7

H
ou

tp
ut

(k
A

/m
)

Vinput (V)

Without Objective With Objective



	 112 

 

Figure 13.4: The mean intensity of the emission spectra of EuTTA/PMMA film is shown 
through time. 

 

13.2    Sample Preparation 

         

        As was discussed in Chapter 11, iron oxides are the most commonly used materials for 

MPH. The sample used in our FMI study is EuTTA/iron oxide/PMMA film. We dissolved 63 mg 

EuTTA (Acros Organics) and 693 mg PMMA (Scientific Polymer Products) in 21 ml chloroform 

solution (Fisher Scientific), and added 20 mg magnetite nanoparticle powder (size < 50 nm, 

Aldrich) into the solution. The solvent was then sonicated (Misonix Ultrasonic Convertor) for 

one minute and milled for one hour in a roll mill (U.S. Stoneware). After that, the mixture was 

cast onto a glass substrate. The chloroform evaporated and left the EuTTA/iron oxide/PMMA 

film on the substrate. 

        The film sample was analyzed using scanning electron microscopy with energy dispersive 

X-ray spectroscopy (SEM/EDX, Zeiss SUPRA55-VP) in Fig. 13.5. Figure 13.5 (a) and (b) show 
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the SEM images of EuTTA/iron oxide/PMMA film. Figure 13.5 (c) and (d) show the EDX 

spectrum and the quantitative analysis of the region in (b). The result shows the existence of Fe 

and O, however the ratio is not as expected because EDX is more precise for high density 

materials than low density materials. 

 

Figure 13.5: SEM image of EuTTA/iron oxide/PMMA film (a), SEM image (b), EDX 
spectrum (c), and quantitative results of aggregation of iron oxide particles (d). 
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14.    Result and Discussion of FMI 

 

14.1    Experimental Results 

         

        An EuTTA/iron oxide/PMMA sample film was put into the FMI setup and exposed to 

magnetic fields of 𝐻 = 9.5	kA/m and 𝑓 = 20	kHz (H1) and 𝐻 = 7.4	kA/m and 𝑓 = 20	kHz 

(H2), respectively. The sample was excited by a mercury UV lamp and the emission spectra were 

taken using the FALCON microscope at 615 nm. The UV lamp may cause some heating to the 

sample, but it will be cancelled out after analysis. Figure 14.1 shows the fluorescent microscope 

images of the sample film (a, Image A) without field and (b, Image B) in the field H1 for 150 

seconds. Figure 14.1 (c) is the subtraction of Image B from Image A (Image C = Image A – 

Image B), i.e., Image C is the change of emission intensities due to application of the field for 

150 seconds. As is shown in Fig. 14.1, an aggregate of iron oxide is in the center of the images. 

Image A, B, and C are all 512×512 pixel images with the actual size of 83	µm×83	µm. Each 

pixel is approximately 163 nm, and the size of the iron oxide aggregate is approximately 10 µm.  

       

                                      (a)                                    (b)                                      (c) 

Figure 14.1: Fluorescent microscope images of the sample film were taken (a) before being 
exposed to the field, (b) in the field H1 for 150 seconds; and (c) subtracted (b) from (a). 

10
 µ

m
	



	 115 

        If the application of the field did not cause the sample to be heated, Image C would be a 

dark image with random noise. However, from Fig. 14.1 (c), the emission intensity decreased 

after 150s as a result of heating. Figure 14.2 shows the average intensity along a diagonal 

(width=10 pixels) in Image C. Despite the fluctuations caused by noise, the trend of pixel 

intensity along the diagonal is clear. The region near center where the iron oxide is located is 

almost zero. This is because there was little EuTTA located where the iron oxide aggregate was 

in Image A and Image B. Outside of the aggregation of the iron oxide, as heat dissipates, the 

emission intensity change decreases. The effect of heating weakens as the distance to the heat 

source (iron oxide) increases. When it is far enough from the heat source, the intensity difference 

disappears. The asymmetric trends in Fig. 14.2 (b) could be a result of inhomogeneity and image 

shifting due to the thermal expansion of the sample film and the equipment. 

									 	

                           (a)                                                                     (b) 

Figure 14.2: Image C and a diagonal (a), and the intensity along the diagonal (b). 

 

        Using Eq. (12.1), the temperature distribution of MPH can be calculated. The temperature 

map of the iron oxide heater after being exposed to the field H1 for 150 seconds is depicted in 

Fig. 14.3. The heat source is located in the center of the image. Regions close to the heat source 
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have huge temperature changes. As heat dissipates, the temperature change decreases, and finally 

disappears. 

    

Figure 14.3: Temperature map of the sample film after being exposed to the field H1 for 
150 seconds is calculated. 

 

        Figure 14.4 shows the subtraction of fluorescent microscope images with a time gap of 221 

seconds in field H2, and the average intensity (width = 10 pixels) along a diagonal in the 

subtraction image. Like Fig. 14.2, the trend of pixel intensity along the diagonal is clear: the 

intensity curve is almost zero where the iron oxide is located. The largest change in emission is 

near the surface of the iron oxide aggregate, where we would expect the largest change in 

temperature. 
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(a) (b) 

Figure 14.4: The subtraction of fluorescent microscope images with a time gap of 221 
seconds in field H2 (a), and the average intensity along a diagonal (b). 

 

        Figure 14.5 shows the temperature maps of the sample film after being exposed to the field 

H2 through time. Table 14.1 lists the cumulative time in the field for each image in Fig. 14.5. As 

is shown, the temperature of the sample starts to change around one minute, and continues to 

increase till the end of measurement (221 seconds). For all measurements, the intensity of 

heating decreases as the distance to the heating source (iron oxide) increases. 

        Figure 14.6 shows the average temperature of a region (marked as red) vs exposure time. It 

shows at the same location, temperature increases as time increases. We have demonstrated the 

temperature distribution of MPH can be studied by FMI, which also proves to have several other 

advantages over the calorimetric measurements. For single domain nanoparticles, they can 

hardly be seen in the our current FMI setup because their sizes are smaller than the resolution of 

the microscope. However, we do not need to image the particles to observe the local heating 

effect. In order to determine whether the heating would cause a measurable effect, the 

temperature mapping of nanoparticle MPH was simulated and studied. 



	 118 

           

           

            

          

 

Figure 14.5: Temperature maps of the sample film after being exposed to the field H2 
through time are calculated. Cumulative times of exposure to the field are listed in Table 14.1. 
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Table 14.1: Exposing time of each image in Figure 14.5. 

Image a b c d e f g h 

Exposure Time (seconds) 26 39 52 65 78 91 104 117 

Image i j k l m n o p 

Exposure Time (seconds) 130 143 156 169 182 195 208 221 

 

 

   

Figure 14.6: Average temperature of a region (marked as red in the left figure) close to the 
iron oxide particle is plotted as a function of time. 

 

14.2    Simulated Temperature Distribution of Small Particles 

       

        Small size nanoparticles have not yet been measured because of the difficulty to get well 

dissipated nanoparticle film, however this section shows theoretically it is feasible to show the 

property of nanoparticles using the FMI technique. 

        As been discussed in Chapter 10, when ferrimagnetic or ferromagnetic nanoparticles are 

single domain and very small, they can jump between possible magnetic orientations. The 
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magnetic relaxation time 𝜏 includes Néel relaxation time 𝜏¥ and Brown relaxation time 𝜏³, as 

described in Eq. (10.4). 𝜏¥ is from the rotation of particle’s magnetization, and 𝜏³ is caused by 

the physical rotation of the particle itself. When the particles are exposed to an alternating 

magnetic field with the direction switching time less than the magnetic relaxation time, energy is 

dissipated due to the delay in the magnetic relaxation, and is given by [108] 

𝑃 = 𝜇+𝜒��𝑓𝐻+' = 𝜋𝜇+𝜒+𝑓𝐻+'
'�ó#

Wk('�ó#)q
,                                    (14.1) 

where P is the energy dissipation density, 𝜇+ is the permeability of free space, 𝑓 and 𝐻+ are the 

frequency and the amplitude of the AMF, 𝜒�� is the imaginary component of the magnetic 

susceptibility, and 𝜒+ is the equilibrium susceptibility. 

        Since the particles in our experiments are fixed in place, relaxation mechanisms measured 

by FMI are restricted to Néel relaxation, thereby, 𝜏 = 𝜏¥. Figure 14.7 shows the theoretical 

estimation of the power density as a function of particle diameter using Eq. (14.1), where the 

anisotropy constant is 30 kJ∙m-3, temperature is 300 K, susceptibility is 7.2×10-E	emu∙Oe-1∙g-1, 

and the amplitude and frequency of AMF are 100 Oe (~8 kA/m) and 20 kHz, respectively. 

        When the size of a single domain ferrimagnetic or ferromagnetic particle increases, its 

magnetic reorientation follows the Stoner-Wohlfarth model. Again, in FMI, there is no physical 

rotation. The power dissipation caused by the magnetic reorientation is the area of the hysteresis 

loop, and it was discussed in Chapter 10. 
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Figure 14.7: Theoretical estimation of the power density is plotted as a function of particle 
diameter using anisotropy constant = 30	kJ∙m-3, temperature = 300 K, susceptibility = 
𝟕. 𝟐×𝟏𝟎-𝟑	emu∙Oe-1∙g-1, the amplitude of AMF = 100 Oe, and frequency = 20 kHz. 

         

        We assume the temperature distribution is that of one-dimensional heat diffusion because of 

circular symmetry, and it can be described by a parabolic partial differential equation, written as 

[109] 

𝜌𝑐 ¶~
¶�
= W

Æq
¶
¶Æ

𝑘𝑟' ¶~
¶Æ

+ 𝑃,                                                   (14.2) 

where 𝜌 is the density, c is the specific heat capacity, T is the temperature, t is the time, r is the 

distance from the heat source, k is the heat conductivity, and P is the heat power density. The 

initial condition is 

𝑇 𝑟, 𝑡 = 0 = 𝑇+,                                                      (14.3) 

where 𝑇+ is the initial room temperature. 

        Using Eq. (14.2) and Eq. (14.3), the temperature distribution of magnetic nanoparticle 

hyperthermia was plotted in Fig. 14.8 and Fig. 14.9 using MATLAB. The model was constructed 
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with two assumptions: (1) the power dissipation of nanoparticle hyperthermia is a constant point 

heat source at the center of the temperature map, and (2) the boundary condition for the 

temperature map is 

𝑇 𝑟 = edge	of	the	map, 𝑡 = 𝑇+.                                    (14.4) 

Figure 14.8 is the simulated ∆𝑇 (∆𝑇 = 𝑇 − 𝑇+, temperature difference) map of a centered heat 

source at t=20 s. The parameters used are 𝜌 = 1.18	g/cm3, 𝑐 = 1.466	J∙g-1∙K-1, 𝑘 =

0.167	W∙m-1∙K-1, and 𝑃 = 20	W/g. The regions close to the center (heat source) experience 

larger temperature change. Figure 14.9 shows the 3-D height plot of the temperature difference at 

different time. The effect of heating becomes greater with time.  

        Figure 14.10 is the simulated FMI intensity percentage difference map ((𝐼W − 𝐼')/𝐼W) based 

on the temperature distribution map Fig. 14.8 and Eq. (12.1), which shows that the FMI intensity 

difference of a nanoparticle heat source is measurable. Therefore, the FMI technique could be 

used to assess the heating effect of nanoparticles without visually locating the nanoparticles. 

					 	

Figure 14.8: The simulated ∆𝑻 map of a centered heat source is calculated at t=20 s with 
𝝆 = 𝟏. 𝟏𝟖	g/cm3, 𝒄 = 𝟏.𝟒𝟔𝟔	J∙g-1∙K-1, 𝒌 = 𝟎. 𝟏𝟔𝟕	W∙m-1 ∙ K-1, and 𝑷 = 𝟐𝟎	W/g. 
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Figure 14.9: 3-D height plot of ∆𝑻 is shown at (a) t=3s, (b) t=5s, and (c) t=8s. 
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        Figure 14.11 shows the comparison between a simulated plot of intensity percentage 

difference vs the distance to the power source and the experimental plot of Fig. 14.4 (b). It 

indicates the experimental FMI measurement of the aggregate of iron oxide are reasonable and it 

has drop off similar to simulated decay. 

  

Figure 14.10: The simulated FMI intensity percentage difference map is obtained based on 
the temperature distribution map Fig. 14.8 and Eq. (12.1). 

 

       

Figure 14.11: The simulated intensity percentage difference is plotted as a function to 
distance to the centered heat source at t=20 s with 𝝆 = 𝟏. 𝟏𝟖	g/cm3, 𝒄 = 𝟏.𝟒𝟔𝟔	J∙g-1 ∙K-1, 

𝒌 = 𝟎. 𝟏𝟔𝟕	W∙m-1∙K-1, and 𝑷 = 𝟐𝟎	W/g (left), and Fig 14.4 (b) (right).
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15.    Conclusion 

 

        This part of dissertation proves that a temperature distribution of MPH with sufficient 

sensitivity and on the appropriate length scale can be obtained by FMI. FMI is able to overcome 

the serious restrictions of traditional calorimetric measurements by eliminating external 

influences and facilitating measurement of temperature map.  

        A setup was designed and built to incorporate the FMI technique into the MPH settings. 

FMI for MPH was developed and performed on thenoyltrifluoroacetonate (EuTTA)/iron 

oxide/polymethyl methacrylate(PMMA) film. The temperature of the sample film continues to 

increase after being exposed to an AMF, and the heating effect decreases as the distance to the 

heating source increases. Simulated results show that nanoparticle heat source would give a 

measurable temperature profile even without visually locating the nanoparticle. 
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Appendices 

 

Everything shown below was done by MATLAB, Ver. R2016a (9.0.0.341360), Mathworks, 

USA with Academic License No. 886733. 

 

A    MATLAB Codes for Image Registration 
 

 

A.1    Image Registration: registration.m 

 

% Registering Multimodal MRI images 
% https://www.mathworks.com/help/images/registering-multimodal-mri-
images.html?s_tid=gn_loc_drop#responsive_offcanvas  
% 09/06/2017 
 
% Step 1: load an image 
fixed=imread('T1.jpg'); 
moving=imread('T1.jpg'); 
  
% set parameters to distorting the initial image using rotation and shear 
theta = 5; 
S = 1.0; 
ShearY = 1.3; 
tform = affine2d([S.*cosd(theta) -S.*ShearY*sind(theta) 0;... 
    S.*sind(theta) S.*cosd(theta) 0; 0 0 1]); 
moving = imwarp(fixed,tform); 
figure, imshow(moving); 
  
% display unregistered images 
figure, imshowpair(moving,fixed,'montage') 
title('Unregistered') 
  
% if fix is brighter than moving, then it is magneta, otherwise, it is green 
figure, imshowpair(moving,fixed) 
title('Unregistered') 
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% Step 2: set up initial registration 
[optimizer,metric]=imregconfig('multimodal'); 
movingRegisteredDefault=imregister(moving,fixed,'affine',optimizer,metric); 
figure, imshowpair(movingRegisteredDefault, fixed) 
title('A:Default registration') 
  
%Step 3: improve registration 
disp(optimizer) 
disp(metric) 
  
% start by reducting the default value of InitialRadius by a scale factor of 3.5 
optimizer.InitialRadius=optimizer.InitialRadius/3.5; 
movingRegisteredAdjustedInitialRadius=imregister(moving,fixed,'affine',optimizer,metric); 
figure, imshowpair(movingRegisteredAdjustedInitialRadius, fixed) 
title('Adjusted InitialRadius') 
  
% increasing the MaximumIterations allows the registration search to run longer  
% and potentially find better registration results. 
  
optimizer.MaximumIterations=300; 
movingRegisteredAdjustedInitialRadius300=imregister(moving,fixed,'affine',optimizer,metric); 
figure, imshowpair(movingRegisteredAdjustedInitialRadius300, fixed) 
title('B:Adjusted InitialRadius,MaximumIterations=300,Adjusted InitialRadius') 
  
%Step 4: further improve registration based on similarity transformation model 
  
tformSimilarity=imregtform(moving,fixed,'similarity',optimizer,metric); 
Rfixed=imref2d(size(fixed)); 
movingRegisteredRigid=imwarp(moving,tformSimilarity,'OutputView',Rfixed); 
figure, imshowpair(movingRegisteredRigid,fixed); 
title('C:Registration based on similarity transformation model.'); 
tformSimilarity.T 
  
% refine this registration by using an 'affine' transformation model  
 
movingRegisteredAffineWithIC=imregister(moving,fixed,'affine',optimizer,metric,... 
    'InitialTransformation',tformSimilarity); 
figure,imshowpair(movingRegisteredAffineWithIC,fixed); 
title('registered'); 
figure, imshowpair(movingRegisteredAffineWithIC,fixed,'montage') 
title('registered') 
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B    MATLAB Codes for Noise Removal 
 

 

B.1    Gaussian Noise Removal: wiener_filter.m 

 

% load the initial image and show it 
I=imread('T1.jpg'); 
figure 
imshow(I) 
  
% add Gaussian noise to the image and show it 
J=imnoise(I,'gaussian',0,0.005); 
figure 
imshow(J) 
  
% use Wiener filter to remove the Gaussian noise and show the result 
K=wiener2(J,[5,5]); 
figure 
imshow(K) 
 
 
B.2    Fat Tail Noise Removal: median_filter.m 

 

% load the initial image and show it 
I=imread('T1.jpg'); 
figure 
imshow(I) 
  
% add fat-tailed noise to the image and show it 
J=imnoise(I,'salt & pepper',0.02); 
figure 
imshow(J) 
  
% use median filter to remove the Gaussian noise and show the result 
Kmedian = medfilt2(J); 
figure 
imshow(Kmedian) 
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B.3    Rician Noise Main Routine: image_with_rician_noise.m 

 

%% STEP 1: simulated Images with backgrounds a1 and contrast a2 
A= zeros(256,256); 
a1=130;  
a2=20;  
fixed = A+a1; 
  
% add structure to the image 
for n=90:1:167 
    for k=90:1:167 
        fixed(n,k)=a1+a2; 
    end 
        end 
  
A1=fixed; 
figure, imshow(A1); 
[a,b]=size(A1); 
  
% noise level  
nl=10;  
  
% add rician noise  
B = rnoise(A1, nl);  
figure, imshow(A); 
  
% estimate noise variance 
C= MRI_lmmse(A,[3,3]); 
figure, imshow (C); 
 
 
B.4    Rician Noise Subroutine: rnoise.m 

 

% define rnoise function 
function r = rnoise(a, b) 
size = size(a); 
 
% generate rician noise 
x = a .* randn(size) + b; 
y = a .* randn(size); 
r = sqrt(x.^2 + y.^2); 
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B.5    Rician Noise Subroutine: MRI_lmmse.m 

 

%   Author: Santiago Aja Fernandez 
%   www.lpi.tel.uva.es/~santi 
%   Version 2.0  12/06/2012 
 
function I_est=MRI_lmmse(Im,Ws,varargin) 
[mask,thresM,noise,sigma] = parse_inputs(varargin{:});   
  
%Noise Estimation------------------------------------------- 
En=filter2(ones(Ws), Im.^2) / (prod(Ws)); 
Mn=filter2(ones(Ws), Im) / (prod(Ws)); 
Vn=(prod(Ws)/(prod(Ws)-1)).*(En-Mn.^2);  
 
if noise==0 
    sigma2=sigma.^2; 
elseif noise==1 
    mask =im2bw(1-double(imfill(Im>thresM,'holes'))); 
    sigma2=0.5.*(sum((Im(mask)).^2))./sum(mask(:)); 
    sigma=sqrt(sigma2); 
elseif noise==2 
    mask =im2bw(1-double(imfill(Im>thresM,'holes'))); 
    sigma=sqrt(2/pi).*(sum(Im(mask)))./sum(mask(:));  
    sigma2=sigma^2; 
elseif noise==3 
    M2=mean(Im(:).^2); 
    M4=mean(Im(:).^4); 
    sigma2=0.5.*(M2-sqrt(sqrt(abs(2*M2^2-M4))));  
    sigma=sqrt(sigma2); 
elseif noise==4 
    if mask==0 
        I2=round(Im); 
        Tp=max(I2(:)); 
        Tpm=min(I2(:)); 
        [h,x]=hist(I2(:),Tp); 
        sigma=x(argmax(h)); 
    else 
       mask =im2bw(1-double(imfill(Im>thresM,'holes'))); 
       Tp=max(I2(mask)); 
       [h,x]=hist(I2(mask),Tp); 
       sigma=x(argmax(h)); 
    end 
    sigma2=sigma^2; 
elseif noise==5 
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    if mask==0 
        sigma2=(prod(Ws)/(prod(Ws)-1)).*(moda(En,1000)./2); 
    else 
       mask =im2bw(1-double(imfill(Im>thresM,'holes')));  
       sigma2=(prod(Ws)/(prod(Ws)-1)).*(moda(En(mask),1000)./2);   
    end 
    sigma=sqrt(sigma2); 
elseif noise==6 
    if mask==0 
        sigma=sqrt(2/pi).*moda(Mn,1000); 
    else 
        mask =im2bw(1-double(imfill(Im>thresM,'holes'))); 
        sigma=sqrt(2/pi).*moda(Mn(mask),1000); 
    end 
    sigma2=sigma^2; 
elseif noise==7 
    if mask==0 
        sigma2=((2/(4-pi)).*moda(Vn,1000));     
    else 
        mask =im2bw(1-double(imfill(Im>thresM,'holes'))); 
        sigma2=(2/(4-pi)).*moda(Vn(mask),1000);  
    end 
    sigma=sqrt(sigma2); 
elseif noise==8 
    if mask==0 
        sigma2=((prod(Ws)-1)/(prod(Ws)-3)).*moda(Vn,1000);       
    else 
        mask =im2bw(double(imfill(Im>thresM,'holes'))); 
        sigma2=((prod(Ws)-1)/(prod(Ws)-3)).*moda(Vn,1000);    
    end 
    sigma=sqrt(sigma2); 
end 
  
%End Noise estimation----------------------------------------------- 
%FILTERING----------------------------------------------- 
Qua=filter2(ones(Ws),Im.^4)./prod(Ws); 
Squ=En; 
K1=1+(4.*sigma2^2-4.*sigma2.*Squ)./(Qua-Squ.^2); 
K1=max(K1,0); 
I_est=sqrt(Squ-2.*sigma2+K1.*(Im.^2-Squ)); 
I_est=abs(I_est); 
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B.6    Gaussian Pyramid: pyramid.m 

 

%% STEP 1: Simulated Images with backgrounds a1 and contrast a2 
A=zeros(513,513); 
a1=130; 
a2=3; 
fixed = A+a1; 
  
% create a 2*2 contrast 
for n=51:1:52 
    for k=201:1:202 
        fixed(n,k)=a1+a2; 
    end 
        end 
  
% create a 4*4 contrast 
for n=103:1:106 
    for k=201:1:204 
        fixed(n,k)=a1+a2; 
    end 
end 
  
% create a 8*8 contrast 
for n=157:1:164 
    for k=201:1:208 
        fixed(n,k)=a1+a2; 
    end 
end 
  
% create a 16*16 contrast 
for n=214:1:229 
    for k=201:1:216 
        fixed(n,k)=a1+a2; 
    end 
end 
  
% create a 32*32 contrast 
for n=281:1:312 
    for k=201:1:232 
        fixed(n,k)=a1+a2; 
    end 
end 
  
% create a 64*64 contrast 
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for n=363:1:426 
    for k=201:1:264 
        fixed(n,k)=a1+a2; 
    end 
end 
  
[a,b]=size(A); 
  
% noise level  
s=7; 
 
% add Rician noise  
A = rnoise(A1, s);  
  
% use pyramid filter 
g1=impyramid(A,'reduce'); 
g2=impyramid(g1,'reduce'); 
g3=impyramid(g2,'reduce'); 
g4=impyramid(g3,'reduce'); 
figure, imshow(A,[]); 
figure, imshow(g1,[]); 
figure, imshow(g2,[]); 
figure, imshow(g3,[]); 
figure, imshow(g4,[]); 
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C    MATLAB Codes for Algorithms 
 

 

C.1    AND: add.m 

 

% load image 
A=imread('T1.jpg'); 
B=imread('T2.jpg'); 
 
% change image from unit8 to double 
A=double(A); 
B=double(B); 
  
t1=zeros(128,128); 
t2=zeros(128,128); 
t_AND=zeros(128,128); 
t1=A; 
t2=B; 
  
% set thresholds 
t1_threshold=120; 
t2_threshold=45; 
 
% filtering 
for n=1:1:128 
    for k=1:1:128 
        if t1(n,k)<t1_threshold 
            t1_thres(n,k)=0; 
            t1_logic(n,k)=0; 
        else 
            t1_thres(n,k)=t1(n,k); 
            t1_logic(n,k)=1; 
        end 
    end 
end 
  
for n=1:1:128 
    for k=1:1:128 
        if t2(n,k)<t2_threshold 
            t2_thres(n,k)=0; 
            t2_logic(n,k)=1; 
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        else 
            t2_thres(n,k)=t2(n,k); 
            t2_logic(n,k)=0; 
        end 
    end 
end 
  
t_AND=t1_logic.*t2_logic; 
  
% display 
imwrite(t_AND,'result.jpg'); 
 
 
C.2    Contrast Division: cd.m 

 

% load image 
A1=imread('A11.jpg'); 
B1=imread('A12.jpg'); 
A2=imread('A21.jpg'); 
B2=imread('A22.jpg'); 
A3=imread('A31.jpg'); 
B3=imread('A32.jpg'); 
A4=imread('A41.jpg'); 
B4=imread('A42.jpg'); 
  
% make division 
C1=rdivide(A1,B1);  
C2=rdivide(A2,B2); 
C3=rdivide(A3,B3);  
C4=rdivide(A4,B4); 
  
D1=rdivide(C1,255); 
D2=rdivide(C2,255); 
D3=rdivide(C3,255); 
D4=rdivide(C4,255); 
  
figure, imshow(D1) 
figure, imshow(D2) 
figure, imshow(D3) 
figure, imshow(D4) 
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C.3    Nearest Neighbor Method: nnm.m 

 

% load images 
A=imread('T1.jpg'); 
B=imread('T2.jpg'); 
 
% change image from unit8 to double 
A=double(A); 
B=double(B); 
C=zeros(128,128); 
 
%find edge using Canny/Prewitt method 
BW1=edge(A,'Canny'); 
BW2=edge(A,'Prewitt'); 
BW3=edge(B,'Canny'); 
BW4=edge(B,'Prewitt'); 
  
figure, imshow(BW1); 
figure, imshow(BW2); 
figure, imshow(BW3); 
figure, imshow(BW4); 
 
%% find edge using NNM  
% average neighborhood  
Aave= conv2(A, ones(3)/9, 'same'); 
Bave= conv2(B, ones(3)/9, 'same'); 
  
M=0; 
N=0; 
Q=0; 
S=0; 
[a,b]=size(A); 
  
% start the algorithm 
for n=2:1:a-1 
    for k=2:1:b-1 
        if A(n,k)>Aave(n,k) 
            M=1; 
        else 
            M=0; 
        end 
        if B(n,k)<Bave(n,k) 
            N=1; 
        else  
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            N=0; 
        end 
        if N*M==1 
            C(n,k)=255; 
end 
end 
end 
  
C=mat2gray(C); 
figure, imshow(C,[]); 
   
D=edge(C,' Prewitt '); 
figure, imshow(D); 
 
 
C.4    Gradient Highlight: gh.m 

 

% load images  
A=imread('T1.jpg'); 
B=imread('T2.jpg'); 
 
% find gradient on x and y axis using central difference method:  
[Gx,Gy]=imgradientxy(A,'CentralDifference'); 
[Gx2,Gy2]=imgradientxy(B,'CentralDifference'); 
  
% find points that meet Gx*Gx2<0  
M=0; 
N=0; 
X=0; 
Y=0; 
[a,b]=size(A); 
C=A; 
D=A; 
E=A; 
F=A; 
  
for n=2:1:a-1 
    for k=2:1:b-1 
        if Gx(n,k)<0 
            M=1; 
        else 
            M=-1; 
        end 
        if Gx2(n,k)>0 
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            N=1; 
        else  
            N=-1; 
        end 
        if M*N==1 
            C(n,k)=255; 
        end 
        end 
end 
 
% find points that meet Gy*Gy2<0   
for c=2:1:a-1 
    for d=2:1:b-1 
        if Gy(c,d)<0 
            X=1; 
        else 
            X=0; 
        end 
        if Gy2(c,d)>0 
            Y=1; 
        else  
            Y=0; 
        end 
        if X*Y==1 
            D(c,d)=255; 
        end 
        end 
end 
 
% Group A & Group B   
for i=2:1:a-1 
    for j=2:1:b-1 
        if C(i,j)==0 
            O=0; 
        else 
            O=1; 
        end 
            if D(i,j)==0 
                P=0; 
            else 
                P=1; 
            end 
            if O*P==1 
           E(i,j)=255; 
            end 
    end 
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end 
  
% show figure 
imwrite(E,'result1.jpg') 
 
% Group A & Group B   
for i=2:1:a-1 
    for j=2:1:b-1 
        if C(i,j)==0 
            O=1; 
        else 
            O=0; 
        end 
            if D(i,j)==0 
                P=1; 
            else 
                P=0; 
            end 
            if O*P==0 
           F(i,j)=255; 
            end 
    end 
end 
  
% show figure 
imwrite(F,'result2.jpg') 
 
 
C.5    Controlled Gradient Highlight: cgh.m 

 

% load images 
A=imread('T1.jpg'); 
B=imread('T2.jpg'); 
 
 
[Gmag,Gdir]=imgradient(A,'sobel'); 
[Gmag2,Gdir2]=imgradient(B,'sobel'); 
g1=Gdir+180; 
g2=Gdir2+180; 
diff=abs(g1-g2); 
  
% pick the points that meet g1 and g2 difference is over angle threshold and magnitude of 
gradient is larger than magnitude threshold 
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M=0; 
N=0; 
[a,b]=size(A); 
C=zeros(a,b); 
  
for n=2:1:a-1 
    for k=2:1:b-1 
        if diff(n,k)> angle_threshold1 & diff(n,k)< angle_threshold2 
            M=1; 
        else 
            M=0; 
        end 
        if Gmag(n,k)>mag_threshold & Gmag2(n,k)>mag_threshold 
            N=1; 
        else  
            N=0; 
        end 
        if M*N==1 
            C(n,k)=255; 
        end 
        end 
end 
  
% show figure 
figure, imshow(C); 
  
% apply edge detector  
BW=edge(C,'Canny'); 
figure, imshow(BW) 
 
 
C.6    Magnitude Threshold Optimization: mag_det.m 

 

% two variables: SNR(signal to noise ratio), n(contrast is n~n+1 times stronger than noise) 
% a1 is the intensity of the background 
a1=130; 
N=1; 
   
Q=zeros(1,15); 
R=zeros(1,15); 
 
for o=1:1:15  
    SNR=10*o; 
    s=a1/SNR; 
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   w=0.5*s*(N+1); 
   v=w/100;  
   final=zeros(1,100); 
  
for j=1:1:100 
   TP=zeros(1,1000); 
   TN=zeros(1,1000); 
   SUM=zeros(1,1000); 
  
for i=1:1:1000 
   % create test image   
  A= zeros(256,256); 
  fixed = A+a1; 
  M=zeros(1,1000); 
  a2=s*(N+rand()); 
   
for n=90:1:167 
    for k=90:1:167 
        fixed(n,k)=a1+a2; 
    end 
        end 
  
B=fixed; 
C = rnoise(B, s);  
[Gmag,Gdir]=imgradient(C,'CentralDifference'); 
  
x=0; 
y=0; 
P=0; 
  
for n=89:1:168 
    for k=89:1:90 
        if Gmag(n,k)>(j*v) 
            x=x+1; 
        else 
            x=x; 
        end 
    end 
end 
 
for n=89:1:168 
    for k=167:1:168 
        if Gmag(n,k)>(j*v) 
            x=x+1; 
        else 
            x=x; 
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        end 
    end 
end 
     
for n=89:1:90 
    for k=91:1:166 
        if Gmag(n,k)>(j*v) 
            x=x+1; 
        else 
            x=x; 
        end 
    end 
    end 
 
    for n=167:1:168 
    for k=91:1:166 
        if Gmag(n,k)>(j*v) 
            x=x+1; 
        else 
            x=x; 
        end 
    end 
    end 
 
% start binary classification process   
    if Gmag(89,89)>(j*v) 
        x=x-1; 
    else 
        x=x; 
        end 
             
     if Gmag(89,168)>(j*v) 
        x=x-1; 
        else 
        x=x; 
     end 
         
      if Gmag(168,89)>(j*v) 
        x=x-1; 
        else 
        x=x; 
      end 
       
     if Gmag(168,168)>(j*v) 
        x=x-1; 
        else 
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        x=x; 
     end 
        
     for n=1:1:256 
    for k=1:1:256 
        if Gmag(n,k)>(j*v) 
            y=y+1; 
        else 
            y=y; 
        end 
    end 
     end 
  
TP(1,i)=x/620; 
TN(1,i)=(64916-(y-x))/64916; 
SUM(1,i)=TP(1,i)+TN(1,i); 
end 
final(1,j)=mean(SUM);  
end 
  
% find the optimal threshold and optimal J value 
[R(1,o),Q(1,o)]=max(final);  
end 
 
 
C.7    Direction Threshold Optimization: dir_det.m 

 

% two variables: SNR(signal to noise ratio), n(contrast is n~n+1 times stronger than noise) 
% a1 and b1 are intensities of the background, and a2 and b2 are intensities of contrast 
% create test images 
A0= zeros(256,256); 
B0= zeros(256,256);  
a1=130; 
b1=70; 
fixed = A0+a1; 
moving= B0+b1; 
  
for o=1:1:15 
SNR=10*o; 
  
for j=1:1:60; 
T=j;  
N=5; 
s=a1/SNR; 
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for i=1:1:1000 
      
a2=s*(N+rand()); 
b2=s*(N+rand()); 
  
for n=90:1:167 
    for k=90:1:167 
        fixed(n,k)=a1+a2; 
    end 
        end 
  
A=fixed; 
  
for n=90:1:167 
    for k=90:1:167 
        moving(n,k)=b1-b2; 
    end 
end 
  
B=moving; 
C = rnoise(A, s);  
D = rnoise(B, s);  
  
% start binary classification process 
[Gmag,Gdir]=imgradient(C,'CentralDifference'); 
[Gmag2,Gdir2]=imgradient(D,'CentralDifference'); 
[a,b]=size(C); 
g1=zeros(a,b); 
g2=zeros(a,b); 
diff=zeros(a,b); 
  
for n=2:1:a-1 
    for k=2:1:b-1 
            g1(n,k)=Gdir(n,k)+180; 
            g2(n,k)=Gdir2(n,k)+180;             
    end 
end    
  
diff=abs(g1-g2); 
x=0; 
y=0; 
  
for n=2:1:a-1 
    for k=2:1:b-1 
if diff(n,k)>180-T && diff(n,k)<180+T 
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    y=y+1; 
else 
    y=y; 
end 
    end 
    end 
  
for n=89:1:168 
    for k=89:1:90 
            if diff(n,k)>180-T && diff(n,k)<180+T 
    x=x+1; 
            else 
                x=x; 
            end 
    end 
end 
  
for n=89:1:90 
    for k=91:1:166 
           if diff(n,k)>180-T && diff(n,k)<180+T 
    x=x+1; 
           else 
               x=x; 
           end 
    end 
end 
  
    for n=167:1:168 
    for k=91:1:166 
            if diff(n,k)>180-T && diff(n,k)<180+T 
    x=x+1; 
            else 
                x=x; 
            end 
    end 
end 
  
for n=89:1:168 
    for k=167:1:168 
            if diff(n,k)>180-T && diff(n,k)<180+T 
    x=x+1; 
            else 
                x=x; 
            end 
    end 
end 
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sum(1,i)=x/620+(64916-(y-x))/64916; 
end 
  
final(1,j)=mean(sum); 
end 
 
% find the optimal threshold and optimal J value 
[R(1,o),Q(1,o)]=max(final); 
end 
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