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ABSTRACT 

 

Chemical exchange saturation transfer (CEST) magnetic resonance imaging (MRI) 

has emerged as a novel technology for precise diagnosis of various diseases using either 

endogenous molecules or exogenous administered contrast agents. CEST MRI methods 

rely on molecular signal saturation through radiofrequency pulses with the same frequency 

as a prescribed molecule (e.g., glutamate) to be measured in a magnetic field. Because the 

background signal from water modular is generally greater than the signal from the 

prescribed molecular by several orders of magnitude, there are many different types of 

molecules with similar magnetic frequency to be applied in CEST MRI. However, any 

offset from the desired frequency will produce large discrepancies due to the reduction of 

the background signal saturation. Current practice relies on acquiring extensive data at 

intentionally changed saturation frequencies and estimating the desired signal through data 

interpolation. This method is effective, but takes long acquisition time, making it 

impractical for clinical applications. To address this challenge, I developed CEST MRI 

methods to achieve the following two goals: 1) to accelerate the acquisition time; and 2) to 

increase the CEST contrast quantification quality. As the in-vivo MR environment is highly 

complicated and difficult to model accurately, I proposed to use deep learning (DL) to 

achieve these two goals. Three different methods are proposed to improve the procedure 

of CEST MRI: 1) a deep learning-based Glutamate CEST imaging B0-inhomogeneity 

correction method (DL-B0GluCEST) to accelerate the total scan time; 2) an improved DL-

B0GluCEST method using data acquired from the downfield Z-spectrum only; 3) two deep 

learning-based methods for estimating B0 inhomogeneities from fewer calibration data. In 
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contrast to currently practiced methods, my CEST methods are believing to be the first-of-

its-kind CEST MRI methods utilizing deep learning approaches. More importantly, in my 

demonstrated applications, three proposed deep learning-based methods showed CEST 

contrast quantification quality improvement while significantly reducing CEST acquisition 

time by over 60%, 80%, and 80%, respectively.  
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CHAPTER 1  

INTRODUCTION 

 

In this chapter, I present a summary of the dissertation. First, I briefly introduce the 

research goals and objectives, then bring up our main contribution. The outline of the 

dissertation is also included at the end of this chapter. 

1.1 Introduction 

Chemical exchange saturation transfer (CEST) [1] magnetic resonance imaging 

(MRI) has become an advanced non-invasive imaging technique for mapping exogenous 

and endogenous molecules because CEST MRI has higher temporal and spatial resolution 

compared to magnetic resonance spectroscopic imaging. Due to these advanced features of 

CEST MRI, the technique has been increasingly documented in published medical studies 

for in vivo mapping of molecules/metabolites such as endogenous cellular labile proteins 

and peptides [2], glutamate [3], creatine [4] , myo-inositols [5] and glucose [6]. 

To achieve higher temporal and spatial resolution, CEST MRI relies on molecular 

signal saturation through radio frequency (RF) pulses with the same frequency of bulk 

water as the molecule to be measured. Any offset from the desired frequency will reduce 

the saturation efficiency and will introduce quantification errors [7]. Because the 

background signal from the bulk water is greater than the molecular signal of interest by a 

large order of magnitude, and many other molecules will produce additional magnetic 

frequency inferences, it is crucial to get the signal at the desired frequency. In reality, this 

method is prone to error because magnetic field inhomogeneity inevitably exists. To make 

the CEST MRI used practically, there is an urgent need to develop a technique to both 
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accelerate the CEST MRI acquisition and to increase the CEST contrast quantification 

quality. 

1.2 Overview of Relevant Research 

Quantitative CEST values from CEST-weighted images are generally computed 

using CEST asymmetry analysis (CESTasy) [3, 8]. The CESTasy value is highly sensitive 

to the static magnetic (B0) field inhomogeneity. Correction of field inhomogeneity is 

essential to accurately compute CESTasy values. In general, CEST-weighted data must be 

acquired at multiple offset-frequencies around the offset-frequency of interest to calibrate 

B0 inhomogeneity. For the B0 inhomogeneity correction, pixel-wise CEST-weighted 

intensities are commonly interpolated by using several offset frequencies. The value at the 

offset-frequency of interest is replaced by the fitted data at the adjusted offset-frequency 

corresponding to a frequency shift in the B0 field map. Most of the studies [9–11] on CEST 

reported the use of cubic-spline interpolation for B0 inhomogeneity correction. The need 

to acquire CEST images at several offset frequencies makes CEST acquisition very time 

consuming. It can potentially lead to patient discomfort and imparting high sensitivity to 

motion artifacts. Without accurately predict offset frequencies, the CEST can produce 

inaccurate results.  

Deep learning is known to be widely implemented into diverse imaging 

applications recent years. For many applications in real world, convolutional neural 

networks (CNN) are the most commonly used deep learning networks [12–15]. CNN were 

enabled by several important neural network training techniques developed over the years, 

including layer-wise unsupervised pre-training followed by supervised fine-tuning [16–18], 

use of rectified linear unit (ReLU) [19, 20] as activation function in place of sigmoid-type 
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activation functions, pooling to improve feature invariance and reduce dimensionality [21], 

dropout to reduce overfitting [22], and batch normalization [23] that further reduces the 

risk of internal covariate shift, vanishing gradient and overfitting, as well as increases 

training convergence speed. These techniques allow CNN to present a high flexibility and 

capability for learning manifold of images [24] or denoising images [18, 24–27]. 

Encouraged by the outstanding performance, deep learning has been introduced 

into many medical imaging processing fields, including image segmentations [28, 29], 

image reconstructions [30, 31], image synthesis [32, 33] etc. Some recent studies also 

demonstrate the capability of deep learning in diverse medical image modalities, including 

MRI images [34–38], PET images [39–41], CT/X-ray images [42–44], ultrasound images 

[45]. In CEST imaging, deep learning has been used to synthesize high field CEST signal 

from data acquired at low field [46, 47]. The success inspired us to use deep learning to 

calculate quantitative CEST values with B0 inhomogeneity correction and estimate the B0 

inhomogeneity mapping in this dissertation. 

1.3 Research Goals and Objectives 

Corrections for B0 inhomogeneity often require repeated data acquisitions at 

several saturation offset frequencies, which dramatically prolong the total acquisition time 

and can cause practical issues such as increased sensitivity to patient motions [7, 48]. There 

is an urgent need to develop a method that can correct B0 inhomogeneity without 

significantly increasing the total acquisition time. Another technical challenge in CEST 

MRI is the low signal-to-noise-ratio (SNR) as the signal is derived from the small z-

spectrum difference. In the research, I can address both issues by using a novel deep 

learning-based algorithm armed with wide activation neurons. 
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A significant acceleration in data acquisition and robustness could be achieved by 

reducing the number of CEST acquisitions required to correct for B0 inhomogeneity. The 

main focus of this dissertation research is to design deep learning-based methods for 

accelerating acquisition time and improving the image quality of CESTasy. Specifically, I 

offer three different methods in this dissertation: 

1) a deep learning-based Glutamate CEST imaging B0-inhomogeneity correction 

method (DL-B0GluCEST) to accelerate the total scan time;  

2) an improved DL-B0GluCEST method using data acquired from the downfield 

Z-spectrum only; and 

3) a voxel-based and a patch-based DL methods for estimating B0 

inhomogeneities from fewer calibration data. 

Experimental results have demonstrated the efficacy and correctness of the techniques 

theoretically and practically. 

1.4 Main Contribution 

With the use of deep learning, I can greatly improve the accuracy of CEST MRI 

and reduce the acquisition time of CSET MRI. I can summarize my four important 

contributions as follows: 

1)  I explored the effectiveness of using deep learning to accelerate acquisition 

time and improve the image quality of CEST imaging; 

2) a new deep learning-based method (DL-B0GluCEST) was proposed to correct 

B0 inhomogeneity for glutamate-weighted CEST (GluCEST) imaging;  
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3) I extended the capability of DL-B0GluCEST by predicting both the positive 

and negative resonance frequency signals from a few downfield offset images 

instead of using downfield and upfield images separately; and 

4) I developed two deep learning-based methods for estimating B0 inhomogeneity 

maps using spare samples. Sparely sampled Z-spectral images indeed can be 

used to estimate B0 inhomogeneities by the means of deep learning.  

In my knowledge, contribution 1) is the first-of-its-kinds research conducted in CEST MRI 

images. In contribution 2), I used fewer acquisitions to reduce CEST acquisition time by 

more than 60% without sacrificing B0 inhomogeneity correction accuracy. Contribution 3) 

further reduced the CEST imaging acquisition time by 50% from DL-B0GluCEST, which 

is equivalent to save more than 80% of the processing time as compared to that of the 

conventional method. I eliminated the need for additional data acquisition and processing 

by 80% and hence is more efficient as shown in contribution 4). In the following section, 

I briefly give an outline of the dissertation. 

1.5 Outline of the Dissertation 

The reminder of the dissertation is organized as follows: I introduce the background 

of CEST MRI and deep learning in chapter 2. The chapter presents with a description of 

the principle of deep learning methods and how to apply the methods to various medical 

imaging processing fields. In chapter 3, I propose a deep learning-based method (DL-

B0GluCEST) to correct B0 inhomogeneity for GluCEST imaging with the aim of 

significantly reducing the number of different frequency offset acquisitions. While 

accelerating the imaging process often comes with reduced SNR, I expect to see increased 

SNR due to the CEST signal manifold learning and the constrained location convolution 
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embedded in deep learning. In chapter 4, I extend that capability of DL-B0GluCEST by 

predicting both the positive and negative resonance frequency signals from a few 

downfield offset images. Furthermore, I discuss how B0 inhomogeneity maps can be 

measured while using phase mapping [48] or water saturation shift referencing (WASSR) 

[7] in chapter 5. Lastly, conclusion and future work are presented in chapter 6. 
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CHAPTER 2  

BACKGROUND AND RELATED WORKS 

 

In this chapter, I will describe how the MRI is derived based on Block equations. To 

improve the SNR of the MRI image, CEST process was developed with RF perturbation. 

This background information will provide necessary mathematical backgrounds on how 

the CEST values derived and the impact of B0 inhomogeneity. The accuracy of the MRI 

image is highly depended on how these two values are calculated. 

2.1 Nuclear Magnetic Resonance 

Nuclear magnetic resonance (NMR) is a physical phenomenon in which nuclei in 

a strong constant magnetic field are perturbed by a weak oscillating magnetic field (in the 

near field [49]) and respond by producing an electromagnetic signal with a frequency 

characteristic of the magnetic field at the nucleus. 

2.1.1 Principle 

The principle behind NMR is that many nuclei have spin, and all nuclei are 

electrically charged. Because nuclei of different materials have different NMR frequencies 

and the resulting NMR signals are proportional to the concentration of the corresponding 

materials, measuring the NMR spectrum provides a unique approach to measure material 

concentration at the molecular level. Over the past decades, NMR spectroscopy has been 

widely used to determine the structure of organic molecules in solution in order to study 

molecular physics and crystals as well as non-crystalline materials. NMR is also routinely 

used in advanced medical imaging techniques, such as in magnetic resonance imaging 

(MRI). 
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If an external magnetic field is applied, an energy transfer is possible between the 

base energy to a higher energy level (generally referred to as a single energy gap). This 

energy can be illustrated as the nucleus spins as shown in Figure 2.1.  

 

Figure 2.1 The case of the nucleus in an external magnetic field.  

Figure 2.1 shows exactly the case of the nucleus’s alignment when an external magnetic 

field is applied. The energy transfer takes place at a wavelength that corresponds to radio 

frequencies and when the spin returns to its base level, energy is emitted at the same 

frequency. The signal that matches this transfer is measured in many ways and processed 

to yield an NMR spectrum for the nucleus concerned. Relates to spin-½ nuclei that include 

the most commonly used NMR nucleus, proton (1H or hydrogen-1) as well as many other 

nuclei such as 13C, 15N and 31P respectively. 

The precise resonant frequency of the energy transition is dependent on the 

effective magnetic field of the nucleus. This field is affected by electron shielding, which 
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is in turn depending on the nucleus' chemical environment. As a result, information about 

the nucleus' chemical environment can be derived from its resonant frequency. In general, 

the stronger of the magnetic field’s electronegativity at the nucleus is, the higher the 

resonant frequency level will be. 

2.1.2 Bloch Equations 

Quantitatively, the NMR signal and its dependence on the field and the chemical 

environment given above can be precisely described using the Bloch equations. In a famous 

experiment of 1946, Bloch, Purcell, and their colleagues employed a continuous wave (CW) 

technique using a fixed RF magnetic field (B1) while B0 was swept through resonance. 

They observed transient fluctuations in coil voltage referred to as "resonance absorption" 

by Purcell [50] and the "nuclear induction signal" by Bloch [51]. 

The "nuclear induction signal", recorded by Bloch et al. in their famous experiment 

[51], reflected the generation of a small current in their receiver coil from the precession 

of net magnetization (denoted as M) around the external magnetic field (denoted as B). 

Like Purcell's group, Bloch et al. carried out a CW NMR experiment where the B1 was 

kept constant as the magnetic field was varied and the system swept through resonance.  

Bloch reasoned that NMR signal decay occurred because the individual nuclei will 

influence each other’s spins that comprised M interact with each other and their 

environment. As such, M would not spin indefinitely around B, but would instead seek to 

return to its initial alignment parallel to B with equilibrium magnitude M0. To achieve the 

equilibrium, a spin system must release its energy to its environment, a process Bloch 

called “relaxation”. 
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Bloch introduced two relaxation time constants, called T1 and T2, to account for the 

reestablishment of thermal equilibrium of the nuclear magnetization after generation of the 

NMR signal. T1 reflected the regrowth of longitudinal magnetization (denoted as 𝑀𝑧), 

whereas T2 characterized the decay of the transverse components (denoted as 𝑀𝑥 and 𝑀𝑦 

in x-axis and y-axis respectively). Bloch assumed that T1 and T2 relaxation followed the 

first-order kinetics, such as that seen with the decay of a radioisotope. Furthermore, he 

concluded that single (rather than multiple) time constants were sufficient to describe this 

process. T1 and T2 were defined phenomenologically and were not derived from 

fundamental principles. Let 𝑀 = (𝑀𝑥, 𝑀𝑦, 𝑀𝑧) be denoted as the nuclear magnetization. 

Based on the assumptions, Bloch derived his equation as follows: 

 𝑑𝐌

𝑑𝑡
= 𝐌× 𝛾𝐁 −

𝑀𝑥𝐢 + 𝑀𝑦𝐣

𝑇2
−
(𝑀𝑧 −𝑀0)𝐤

𝑇1
 

 (2.1) 

where B is denoted as the magnetic field applied to the nuclei and 𝛾 is denoted as the 

gyromagnetic ratio. T1 is regarded as longitudinal relaxation time, T2 can be presented as 

transverse relaxation time, M0 is the steady state nuclear magnetization. In equation (2.1), 

there are three separate parts (i.e., (𝑀𝑥, 𝑀𝑦, 𝑀𝑧) along the direction x, y, and z to describe 

the process of precession, transverse relaxation, and longitudinal relaxation, respectively.  

As soon as the radiofrequency pulse is removed, protons will recover to their 

original direction gradually. As shown in Figure 2.2, the longitudinal relaxation time, T1, 

represents the time required for 𝑀𝑧 in z-axis plane to grow from 0 to (1 − 1/e), or about 63% 

of steady state nuclear magnetization. It is a measure of the time taken for spinning protons 

to realign with the external magnetic field’s direction. 
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Figure 2.2 Graphical representations of the longitudinal relaxation time T1. 

Similarly, the transverse relaxation time, represents the time required for 𝑀𝑥 or 𝑀𝑦, 

can be denoted as T2 that decay to 1/e (or 37%) of the steady state of the nuclear 

magnetization.  

 

Figure 2.3 Graphical representations of the transverse relaxation time T2. 

In Figure 2.3, T2 is a measure of the time taken for spinning protons to lose phase coherence 

among the nuclei spinning perpendicular to the main magnetic field. By varying the 

sequence of RF pulses applied, different types of MRI images are created. The most 

common MRI sequences are T1-weighted and T2-weighted scans. 
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2.1.3 Free-Induction Decay 

On an MR image scan, a pixel's "brightness" or "darkness" is directly related to the 

magnitude of the detected MR signal.  

 

Figure 2.4 The principle of Free-Induction Decay.  

Figure 2.4 demonstrates the duration of the relaxation time. When the RF pulse flips the 

magnetization vector to the XY plane, the rotating magnetization vector induces a small 

current in a receiver coil. This signal can be detected and amplified by the MR scanner. 

The oscillating signal sweeps out a sinusoid wave with decreasing magnitude as the proton 

realigns with the magnetic field B0 along the Z-axis. These waves are called free-induction 

decay (FID) waves. Since each proton is in a unique chemical environment, FID waves of 

each proton will be varied by electron density and these protons may come from different 

parts of the molecule. The electron-rich proton is called shielded proton and requires lower 

frequency to resonate, and the electron-poor proton is called deshielded proton which is 

unprotective and requires higher resonant frequency. It would be much easier to understand 
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if we describe the FID waves in Fourier transformation domains. An FID is most 

commonly depicted with a 90° pulse, but a RF pulse of any flip angle can create an FID 

because some components of the longitudinal magnetization are always tipped into the 

transverse plane.  

Different nuclei have different spins. The hydrogen nucleus is present in almost all 

organic compounds and is the one of the most frequently analyzed by NMR. Since different 

places in the body contain different amounts of water, MRI detects the electromagnetic 

fields of the hydrogen protons in water molecules and uses this to determine differences in 

the density and shape of tissues throughout the body. 

2.1.4 Tissue Contrast 

The contrast on the MRI can be manipulated by changing the RF pulse sequence 

parameters. A RF pulse sequence sets the specific number, strength, and timing of the RF 

and gradient pulses. The two most important parameters are repetition time (TR) and echo 

time (TE) of the scan.  

TR is the time from the application of an excitation pulse to the application of the 

next pulse or the time between successive RF pulses. A long repetition time allows the 

protons in all the tissues to relax back into alignment with the main magnetic field. A short 

repetition time will result in the protons from some tissues not having fully relaxed back 

into alignment before the next measurement is made decreasing the signal from this tissue. 

The repetition time determines how much longitudinal magnetization recovers between 

each pulse.  
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TE is the time between the application of RF excitation pulse and the peak of the 

signal induced in the coil. A long echo time results in reduced signal in tissues like white 

matter and gray matter since the protons are more likely to become out of phase. Protons 

in a fluid will remain in phase for a longer time since they are not constrained by structures 

such as axons and neurons. A short echo time reduces the amount of dephasing that can 

occur in tissue like white matter and gray matter. 

Depending on the contrasts and sequence selected, the MRI image can be presented 

in different formats. Traditionally, we use spin relaxation rates (T1 or T2) to present MRI 

images. It requires us to measure the relaxation rates of the hydrogen proton in bulk water 

based on the Bloch equation, which is acceptable for normal subjects. However, if the 

components are more complex, like tumor detection or stroke detection, novel image 

contrasts such as physical, structural, or functional properties, and chemical compositions 

are needed.  

 

Figure 2.5 MRI images of human brains.  
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Figure 2.5 shows the comparison of different MRI methods for both a normal subject and 

a patient. The left image is T1-weighted scan of a healthy subject. The right two images 

are T1-weighted and CEST MRI scans, respectively, of a subject that has a tumor in the 

brain. Even the tumor region shows a changed signal in all imaging contrasts, CEST may 

serve as a better non-invasive imaging biomarker for identifying tumors. 

2.2 Chemical Exchange Saturation Transfer 

CEST is an MR based imaging method that can image endogenous [3, 5, 52–57] or 

exogenous compounds [58] containing protons exhibiting a suitable exchange rate with 

bulk water. CEST techniques offer excellent in-plane spatial resolution, as well as higher 

sensitivity for their target molecules than other MR spectroscopy technique such as 1H MR 

spectroscopy [59]. The CEST effect has been used to measure relative concentration of 

glutamate [3], the major excitatory central nervous system neurotransmitter, which plays a 

central role in brain function in health and disease [9, 60–66]. It is possible to image 

glutamate only at “ultra-high field”, since its constituent amine group has an exchange rate 

(5500±500 sec-1) comparable to chemical shift difference at 7T magnetic field strength. 

GluCEST has been demonstrated in vivo in various murine disease models [62–66], as well 

as in human clinical applications in epilepsy, schizophrenia, and brain glioma [9, 60, 61]. 

Quantitative CEST values from CEST-weighted image are generally computed 

using asymmetry analysis. A so-called magnetic transfer ratio (MTR) asymmetry analysis 

(MTR𝑎𝑠𝑦𝑚) [67] with respect to the water frequency is used to describe the CEST effect. 

CEST allows the presence of chemical species to be indirectly detected, via the reduction 

of the water signal. By measuring the level of water signal reduction caused by the 

saturation transfer, we are able to get the MTR or Z-spectrum as follows [68]: 
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MTR = Z(𝜔𝑟𝑓) =

𝑆0 − 𝑆𝑠𝑎𝑡(𝜔𝑟𝑓)

𝑆0
= 1 −

𝑆𝑠𝑎𝑡(𝜔𝑟𝑓)

𝑆0
  (2.2) 

where 𝑆𝑠𝑎𝑡(𝜔𝑟𝑓) the measured signal with RF saturation at a specific spectral location 𝜔𝑟𝑓, 

and 𝑆0 is the water signal measurement without RF saturation. Since chemical saturation 

transfer is not the only process that alters the water signal level, there are other effects that 

take place during the application of saturation RF. The main two competing effects are 

magnetization transfer contrast (MTC) and direct water saturation (DS). MTR  can be 

presented as different parts: 

 

MTR = Z(𝜔𝑟𝑓) = {

CEST|𝜔𝑟𝑓 +MTC|𝜔𝑟𝑓 + DS|𝜔𝑟𝑓 , 𝜔𝑟𝑓 > 0

0,                                                                𝜔𝑟𝑓 = 0

MTC|𝜔𝑟𝑓 + DS|𝜔𝑟𝑓 ,                               𝜔𝑟𝑓 < 0
 (2.3) 

where CEST effect only happens when the saturation frequency is greater than 0 in respect 

to bulk water. Hence, for reliable CEST quantification, the effects of competing processes 

need to be eliminated. The CEST effect is assessed by comparing with the water signal 

reduction when saturating the opposite spectral location −𝜔𝑟𝑓. This assumes that the MTC 

and DS effects are symmetrical about the water frequency: 

 MTC|+ωrf = MTC|−ωrf , DS|+ωrf = DS|−ωrf (2.4) 

Based on the equation (2.4), the most commonly utilized CEST metric is characterized as 

follows [67]: 

 CEST = MTR𝑎𝑠𝑦𝑚 = Z(+𝜔𝑟𝑓) − Z(−𝜔𝑟𝑓)

=
𝑆𝑠𝑎𝑡(−𝜔𝑟𝑓) − 𝑆𝑠𝑎𝑡(+𝜔𝑟𝑓)

𝑆0
 

(2.5) 
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where 𝜔𝑟𝑓  is denoted as the saturation frequency difference with water and Z() is the 

function of Z-spectrum curve. 𝑆0 is denoted as the bulk water signal before the saturation 

and 𝑆𝑠𝑎𝑡(+𝜔𝑟𝑓) and 𝑆𝑠𝑎𝑡(−𝜔𝑟𝑓) are the bulk water signal after the selective saturation at 

given frequency offsets (+𝜔𝑟𝑓, −𝜔𝑟𝑓), respectively. The underlying principles of CEST 

imaging are very simple. The entire process should be shown in Figure 2.6 below.  

 

Figure 2.6 The principles and measurement for chemical exchange saturation transfer. 

At the beginning stage (Figure 2.6a), exchangeable solute protons (s) that resonate at a 

frequency different from the bulk water protons (w) are selectively saturated using RF 

irradiation. This saturation is subsequently transferred to bulk water when solute protons 

exchange with water protons and the water signal becomes slightly attenuated. In view of 

the low concentration of solute protons, a single transfer of saturation would be insufficient 
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to show any discernable effect on water protons. However, because the water pool is much 

larger than the saturated solute proton pool, each exchanging saturated solute proton is 

replaced by a non-saturated water proton, which is then again saturated. If the solute 

protons have a sufficiently fast exchange rate and the saturation time (𝑡sat) is sufficient, 

prolonged irradiation leads to substantial enhancement of this saturation effect, which 

eventually becomes visible on the water signal (Figure 2.6b), allowing the presence of low-

concentration solutes to be imaged indirectly. These frequency-dependent saturation 

effects are visualized similar to conventional MT spectra by plotting the water saturation 

(𝑆𝑠𝑎𝑡) normalized by the signal without saturation (𝑆0) as a function of saturation frequency 

(Figure 2.6c). This gives what has been dubbed a Z-spectrum [68] or CEST spectrum as 

described in equation (2.2). Such a spectrum is characterized by the symmetric DS and 

MTC around the water frequency, which has led to assignment of relatively 0 parts per 

million (ppm) to the water frequency in equation (2.3). This DS and MTC may interfere 

with detection of CEST effects, which is addressed by employing the symmetry of the DS 

and MTC through MTR𝑎𝑠𝑦𝑚  [67] with respect to the water frequency (Figure 2.6d). 

Equation (2.5) demonstrates how to remove the effect of direct saturation for CEST 

quantification MTR𝑎𝑠𝑦𝑚. 

The MTR𝑎𝑠𝑦𝑚 value is highly sensitive to B0 field inhomogeneity. Correction of 

field inhomogeneity is essential to accurately compute MTR𝑎𝑠𝑦𝑚 . In general, CEST-

weighted data are acquired at multiple offset-frequencies around the offset-frequency of 

interest to correct B0 inhomogeneity. For B0 inhomogeneity correction, pixel-wise CEST-

weighted intensities obtained within a certain offset-frequency range are interpolated, and 

the value at the offset frequency of interest is replaced by the fitted data at the adjusted 



19 
 
 
 

offset-frequency corresponding to a frequency shift in the B0 field map. Most of the studies 

[67, 69–71] on CEST reported the use of cubic-spline interpolation for B0 inhomogeneity 

correction. In a previous study, Davis et al [60] also reported cubic-spline interpolation 

during B0 field inhomogeneity correction. A few studies [2, 72] report the use of 

polynomial function during B0 inhomogeneity correction. All the methods require to 

obtain CEST images at numerous offset frequencies makes CEST acquisition take long 

time. Therefore, there is a need for a systematic study to develop significant acceleration. 

In this dissertation, deep learning is a perfect fit to tackle this problem. 

2.3 Interpolation 

Before diving into deep learning, interpolation, the most common method used to 

calculate CEST quantification MTR𝑎𝑠𝑦𝑚  needs to be introduced first. Interpolation is a 

robust and well-established method for modelling of complex problems in the 

mathematical field of numerical analysis. To determine a relation between two variables, 

we either perform computations or make measurements. The result is given as a set of 

discrete data points in a plane. The relation can be represented by a smooth curve that pass 

through all the data points. There are several mathematical methods of interpolating a 

single-valued function to estimate the fitting curve [73–75]. Figure 2.7 demonstrates a 

typical problem that requires interpolation. 
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Figure 2.7 The example of estimating an intermediate value given a set of data points 

Given a set of data points {𝑥, 𝑦}, estimating the value of the function 𝑓(𝑥) that covers all 

the data points for an intermediate value of the independent variable 𝑥 is a very typical 

interpolation problem. Three different methods are described below to solve this problem. 

2.3.1 Linear Interpolation 

Linear interpolation is one of the simplest methods of interpolation. It uses linear 

polynomials to construct new data points within the range of a discrete set of known data 

points. If two data points are given as (𝑥0,  𝑦0)  and (𝑥1,  𝑦1), the fitting curve is the straight 

line between these points. For any variable x in the interval (𝑥0,  𝑥1), the value of the 

independent variable y can be calculated from the equation of slopes: 

 𝑦 − 𝑦0
𝑥 − 𝑥0

=
𝑦1 − 𝑦0
𝑥1 − 𝑥0

 (2.6) 

The equation states that the slope of the new line between (𝑥,  𝑦) and (𝑥0,  𝑦0) is the same 

as the slope of the line between (𝑥,  𝑦) and (𝑥1,  𝑦1). Therefore, solving the formula 𝑔(𝑥)  

for 𝑦 respect to the unknown value at 𝑥 gives the expression of 𝑦 from equation (2.6): 
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𝑔(𝑥) = 𝑦 = 𝑦0 + (𝑥 − 𝑥0)

𝑦1 − 𝑦0
𝑥1 − 𝑥0

=
𝑦0(𝑥1 − 𝑥) + 𝑦1(𝑥 − 𝑥0)

𝑥1 − 𝑥0
 (2.7) 

which is the formula for linear interpolation in the interval (𝑥0,  𝑥1). The fitting curve for 

each interval between two data points can be calculated by a similar formula and create the 

entire fitting curve for all the data points.  

Consider the example in Figure 2.7 of estimating 𝑓(2.5), linear interpolation takes 

two data points at x=2 and x=3 to calculate the solution as shown in Figure 2.8, which 

yields 0.5252.  

 

Figure 2.8 The example of estimating an intermediate value given a set of data points by linear 

interpolation 

The calculation is quick and straightforward. However, the result is inaccurate since the 

fitting curve is not smooth. If we denote the original function which we want to interpolate 

by 𝑓(𝑥) that has a continuous second derivative, then the error is bounded by Rolle’s 

theorem [76] as follows: 

 |𝑓(𝑥) − 𝑔(𝑥)| ≤
(𝑥1−𝑥0)

2

8
max

𝑥0≤𝑥≤𝑥1
|𝑓′′(𝑥)|  (2.8) 
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This means the approximation between two data points on a given function gets worse with 

the second derivative of the function 𝑓(𝑥) that is approximated. In ohter words, the curvier 

the function is, the worse the approximation is. 

2.3.2 Polynomial Interpolation 

The limitation of linear interpolation gives us the idea to use polynomial 

interpolation. It is a generalization of linear interpolation. The fitting curve is replaced by 

the interpolant with a polynomial of higher degree instead of a linear function. It is the 

interpolation of a given data set by the polynomial of lowest possible degree that passes 

through all the points of the dataset. Given a set of n+1 data points {(x0,  y0),   … , (xn,  yn)} 

where no two 𝑥 are the same, there exists a unique polynomial of degree at most n that 

interpolates the data points [77]. Therefore, we suppose that the fitting curve 𝑝(𝑥) by 

polynomial interpolation is in the form: 

 𝑝(𝑥) = 𝑎𝑛𝑥
𝑛 + 𝑎𝑛−1𝑥

𝑛−1 +⋯+ 𝑎2𝑥
2 + 𝑎1𝑥 + 𝑎0 (2.9) 

where 𝑎𝑖 is the coefficient of different degree polynomial. And 𝑝(𝑥𝑖) = 𝑦𝑖 holds for all 

 𝑖 ∈ {0,1, … , 𝑛}. We substitute equation (2.9) in here to get a matrix-vector-form equation: 

 

[
 
 
 
𝑥0
𝑛 𝑥0

𝑛−1 𝑥0
𝑛−2

𝑥1
𝑛 𝑥1

𝑛−1 𝑥1
𝑛−2 ⋯

𝑥0 1
𝑥1 1

⋮ ⋱ ⋮
𝑥𝑛

𝑛 𝑥𝑛
𝑛−1 𝑥𝑛

𝑛−2 ⋯ 𝑥𝑛 1]
 
 
 
[

𝑎𝑛
𝑎𝑛−1
⋮
𝑎0

] = [

𝑦𝑛
𝑦𝑛−1
⋮
𝑦0

] (2.10) 

which helps us to convert the fitting curve 𝑝(𝑥) in terms of Lagrange polynomials: 
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𝑝(𝑥) =

(𝑥 − 𝑥1)(𝑥 − 𝑥2)⋯ (𝑥 − 𝑥𝑛)

(𝑥0 − 𝑥1)(𝑥0 − 𝑥2)⋯ (𝑥0 − 𝑥𝑛)
𝑦0 +⋯

+
(𝑥 − 𝑥0)(𝑥 − 𝑥1)⋯ (𝑥 − 𝑥𝑛−1)

(𝑥𝑛 − 𝑥0)(𝑥𝑛 − 𝑥1)⋯ (𝑥𝑛 − 𝑥𝑛−1)
𝑦𝑛 

=∑(∏
𝑥 − 𝑥𝑗

𝑥𝑖 − 𝑥𝑗0≤𝑗≤𝑛
𝑗≠𝑖

)𝑦𝑖

𝑛

𝑖=0

 

 

 

 

(2.11) 

Consider again the problem given in Figure 2.7, the subsequent sixth degree polynomial 

goes through all the seven points as shown in Figure 2.9. 

 

Figure 2.9 The example of estimating an intermediate value given a set of data points by polynomial 

interpolation 

Substituting x=2.5, we can find that 𝑝(2.5) ≈ 0.5969. The fitting curve is much smoother 

compared to linear interpolation while the calculation of polynomial interpolation is more 

computationally expensive. 

2.3.3 Spline Interpolation 

Spline interpolation is a combination of linear interpolation and polynomial 

interpolation. It splits the entire function into different pieces and each piece can be 
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expressed as a polynomial function with a lower degree that fits smoothly together. The 

resulting function is called a spline. Instead of fitting a single, high-degree polynomial to 

all the data points at once, spline interpolation fits low-degree polynomials to small subsets 

of the data points. Given a set of n+1 data points {(x0,  y0),   … , (xn,  yn)} where no two 𝑥 

are the same, we construct similar kinds of curves using a set of polynomials. With one 

polynomial 𝑦 = 𝑞𝑖(𝑥) for each pair of knots (𝑥𝑖−1,  𝑦𝑖−1) and (𝑥𝑖,  𝑦𝑖), where 𝑖 ∈ {1,… , 𝑛}, 

there will be n polynomials and n+1 knots: The first polynomial starts at (𝑥0,  𝑦0), and the 

last polynomial ends at (𝑥𝑛,  𝑦𝑛). For the classic cubic spline interpolation, we have all the 

data points satisfied the function in the form: 

  𝑦 = 𝑞𝑖(𝑥) = 𝑎3𝑥
3 + 𝑎2𝑥

2 + 𝑎1𝑥 + 𝑎0 (2.12) 

for each pair of knots (𝑥𝑖−1,  𝑦𝑖−1) and (𝑥𝑖,  𝑦𝑖), where 𝑖 ∈ {1,… , 𝑛}. Given n polynomials 

and each polynomial has 4 unknown parameters, we need 4n equations to compute the 

parameters. Since every data point passes through the fitting function, we can get  

 

 𝑞(𝑥𝑖) =

{
 

 
𝑞𝑖−1(𝑥𝑖) = 𝑦𝑖
𝑞𝑖(𝑥𝑖) = 𝑦𝑖
𝑞0(𝑥0) = 𝑦0
𝑞𝑛(𝑥𝑛) = 𝑦𝑛

 

1 ≤ 𝑖 ≤ 𝑛 − 1
1 ≤ 𝑖 ≤ 𝑛 − 1

 (2.13) 

All the internal data points should satisfy two polynomials and the first and last knots 

satisfy the first and last polynomials, respectively. This condition in Eq 2.13 provides 2n 

equations in total. 

To make the spline take a smooth curve, we define both 𝑦’ and 𝑦’’ to be continuous 

everywhere, including the knots. Thus, the first and second derivatives of each successive 

polynomial must have identical values at the knots: 
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{
 

 
𝑞′𝑖(𝑥𝑖) = 𝑞′𝑖+1(𝑥𝑖)

𝑞′′𝑖(𝑥𝑖) = 𝑞′′𝑖+1(𝑥𝑖)

𝑞′′0(𝑥0) = 0

𝑞′′𝑛(𝑥𝑛) = 0

 

1 ≤ 𝑖 ≤ 𝑛 − 1
1 ≤ 𝑖 ≤ 𝑛 − 1

 (2.14) 

where 𝑞′𝑖 and 𝑞′′𝑖 are the first and second derivatives of the polynomials. The bound at 

(𝑥0,  𝑦0) and  (𝑥𝑛,  𝑦𝑛) satisfies the condition of Natural Spine, whose second derivatives 

equal 0. The derivatives in Eq 2.14 offer another 2n equations, so the cubic spline 

polynomials become solvable. 

Look back to the problem in Figure 2.7, seven data points allows the cubic spline 

interpolation to have six polynomials to represent the entire curve in Figure 2.10. 

 

 

Figure 2.10 The example of estimating an intermediate value given a set of data points by cubic spline 

interpolation 

In this case we get 𝑞(2.5) ≈ 0.5972 , which is very close to the result calculated by 

polynomial interpolation. Like polynomial interpolation, spline interpolation incurs a 
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smaller error than linear interpolation, while the interpolant is smoother and easier to 

evaluate than the high-degree polynomials used in polynomial interpolation. 

2.4 Deep Learning 

Deep learning (DL) methods are a group of machine learning methods that can 

hierarchically learn high level features from low level features by building a neural network 

architecture. The deep learning methods have the ability to automatically learn features at 

multiple levels, which make a system to learn complex mapping function 𝑓:𝑋→𝑌 directly 

from data, without the help of  human-crafted features. This ability is crucial for high-level 

feature abstraction since high-level features cannot be efficiently represented (in terms of 

number of tunable elements) by architectures that are too shallow. Also, it can easily take 

advantage of increases in the amount of available computation and data to learn high-level 

features automatically, which is the key aspect of deep learning. 

The feature that most characterizes deep learning methods is that their models all 

have deep architectures. Deep architectures are loosely inspired by the mammal brain [78]. 

When given an input percept, the mammal brain processes it using neurons at different 

areas of cortex which abstracts different levels of features. Researchers usually describe 

such concepts in hierarchical ways, with many levels of abstraction. Furthermore, mammal 

brains also seem to process information through many stages of transformation and 

representation. Using hierarchical multiple layers of “neurons” (the processing units) with 

a greedy layer-wise training, deep learning can reliably learn any nonlinear function from 

the sampled data [79–82]. 
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The most popular DL based model is based on convolutional neural networks (CNN) 

[24] for the majority of the tasks. CNN learn a hierarchy of features by a series of 

convolution, feature pooling, and non-linear activation operations, presenting a high 

flexibility and capability for learning distributions or manifold of images [83]. CNN 

achieves tremendous success in both high-level computer vision tasks such as image 

classification [24, 84], object detection [85] and low-level computer vision tasks such as 

image denoising [83] and image super-resolution [86]. A typical CNN for high-level 

computer vision tasks contains four types of layers: convolution layers, activation layer, 

sub-sampling layers and fully connected layers. Convolution layers are used to extract 

features while the activation layer provides non-linearity to the network. Sub-sampling 

layers are used to reduce the size of input and extract dominant features. Fully connected 

layers are used for high-level reasoning, which is necessary for classification tasks. 
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CHAPTER 3  

ACCELERATING THE B0 INHOMOGENEITY CORRECTION FOR  

GLUCEST IMAGING USING DEEP LEARNING 

 

In this chapter, we developed a deep learning framework on how to get the MRI image by 

solving CEST values and get the B0 correction values using less scans. It results a 

drastically accelerated process to get MRI images. Some experiment results are shown 

along with process to illustrate our approaches. 

3.1 Problem Formulation 

CEST is an MR based imaging method that can image endogenous [3, 5, 52–57] or 

exogenous compounds [58] containing protons exhibiting a suitable exchange rate with 

bulk water. CEST techniques offer excellent in-plane spatial resolution, as well as higher 

sensitivity for their target molecules than a MR spectroscopy method based on using one 

hydron molecule (1H) [59]. The CEST effect has been used to measure relative 

concentration of glutamate [3], the major excitatory central nervous system 

neurotransmitter, which plays a central role in brain function in health and disease related 

scans [9, 60–66]. For successful CEST contrast to be generated, the exchange process 

needs to be in the slow to intermediate regime on the NMR time scale [87]. It is possible 

to retrieve glutamate-based images only at “ultra-high field,” since its constituent amine 

group has an exchange rate (5500±500 s-1) comparable to chemical shift difference (Δω) 

at 7T magnetic field strength in order to be able to distinguish between the two groups 

(glutamate and water). GluCEST has been demonstrated in vivo in various murine disease 

models [62–66], as well as in human clinical applications in epilepsy, schizophrenia, and 
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brain glioma [9, 60, 61]. Recently, GluCEST was documented to have a high degree of 

within-day and long term (0-6 months) reproducibility in healthy volunteers’ brain scans 

[66, 88]. However, CEST imaging is sensitive to both B0 and B1 inhomogeneities, 

requiring post-processing to correct for the errors introduced by both types of 

inhomogeneities. A widely used approach to correct for B0 inhomogeneity in CEST images 

involves acquiring CEST images at a series of frequency offsets covering the expected B0 

inhomogeneity range and then synthesizing the B0-corrected image in a pixelwise manner, 

informed by a separately acquired B0 field map [89]. This needs to acquire CEST images 

at several offset frequencies. As a consequence, the process makes CEST acquisition very 

time consuming, potentially leading to patient discomfort and imparting a high sensitivity 

to motion artifacts. A significant acceleration in data acquisition and robustness could be 

achieved by reducing the number of CEST acquisitions required to correct for B0 

inhomogeneity. There are a few possible solutions with limited successes.  

One possible solution is to use a practical six-offset dataset to calibrate the whole 

spectrum. To accelerate the B0-inhomogeneity correction process, one can build a model 

of the z-spectrum to be used for CEST imaging with fewer offset acquisitions. Since each 

human subject would need a model, a full range of different offset acquisitions is required 

for each subject. An alternative approach is to learn the z-spectrum patterns using a 

representative subset of fully acquired CEST data and apply the learned model to correct 

B0 inhomogeneity for new CEST imaging data with only a small number of offset 

acquisitions. When appropriately trained, the model is generalizable to different subjects, 

there is no need to rebuild a model for each individual human subject. This process can be 

achieved by using deep machine learning algorithms [24], which have shown amazing 
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success in many complex real-world applications, including autonomous driving [13], 

natural language processing [14], and other areas of medical imaging applications [15, 46, 

90–92]. In CEST imaging, deep learning has been used to synthesize high field CEST 

signal from data acquired at a low field [46]. In this study, we propose a deep learning-

based method to correct B0 inhomogeneity for GluCEST imaging with the aim of 

significantly reducing the number of different frequency offset acquisitions without 

sacrificing B0 inhomogeneity correction accuracy. While accelerating the imaging process 

often comes with reduced SNR, we expect to see increased SNR due to the CEST signal 

manifold learning and the constrained location convolution embedded in deep learning.  

In summary, we have made the following three contributions as follows:  

1) We proposed a first-of-its-kind deep learning-based CEST imaging B0-

inhomogeneity correction method with a demonstrated application to GluCEST imaging 

to accelerate the total scan time;  

2) We developed an initial-interpolation-based map-wise deep neural network to 

improve the performance of the pixel-wise interpolation correction method; and 

3) We optimized an existing deep learning neural network by incorporating the 

wide activation residual learning network blocks from the wide-activation deep super-

resolution network (WDSR) [29]. 

In the following subsections, we will describe these three contributions more in 

depth respectively.  
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3.2 Data Collection and Methods 

In this section, data acquisition protocol and the proposed methodology are 

introduced in detail. 

3.2.1 Data Preparation & Sampling Scheme 

Human subject studies were approved by the University of Pennsylvania 

Institutional Review Board. Signed informed written consent forms were obtained from all 

volunteers before the experiments. Seven healthy volunteers (6 males, 1 female) aged 28 

to 66 years old (45 ± 14.54 years) participated in the study and were imaged using a 7T 

Siemens scanner (Erlangen, Germany) with a Siemens volume coil transmit/32-channel 

phased-array receive coil. Twenty-nine scans were collected from all seven subjects. 

Among them, twenty scans are used as training data sets and nine scans are used as the test 

data sets [88].  

2D GluCEST images of an axial slice were acquired using the pulse sequence 

published in [3]. The slice was positioned 3 to 4mm above the corpus callosum. After the 

initial scan of a subject, a coregistration  program, ImScribe 

(https://www.med.upenn.edu/cmroi/imscribe.html) [88], was used to identify the slice 

location for any subsequent scans. GluCEST imaging parameters were as follows: slice-

thickness=5 mm, in-plane resolution =1x1mm2, matrix size=256x256, gradient-echo 

readout with TR=7.4 ms, TE=3.5 ms, read-out flip angle=10°, averages=2, shot TR=8000 

ms, shots per slice=1. Saturation was performed with a train of 99.8-ms Hanning-

windowed saturation pulses with an inter-pulse gap of 0.2 ms and B1rms=3.06µT and total 

duration of 800 ms. The saturation flip angle was 3772°. CEST images were acquired at 

https://www.med.upenn.edu/cmroi/imscribe.html
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varying saturation offset frequencies from ±1.8 to ±4.2 ppm (relative to the water 

resonance) with a step size of 0.2 ppm, and offset frequencies of ±20 ppm and ±100 ppm 

were also collected to generate the MTR maps. A B0 map was acquired at the same imaging 

slice position using the water saturation shift referencing (WASSR) sequence [7]. WASSR 

images were collected from ±0 to ±1 ppm (step size=0.1 ppm) with a saturation pulse of 

B1rms=0.29µT, duration=200 ms and the same imaging parameters as mentioned above. 

Gray and white matter segmentation was performed based on the magnetization transfer 

ratio map, using a K-means cluster algorithm with the number of segments set to 3 (gray, 

white, and CSF) [93]. The traditional GluCEST contrast was calculated as the ratio of the 

difference between an image obtained with saturation pulses on-resonant with the 

frequency of the exchangeable amine protons (3 ppm downfield), and an image acquired 

with saturation pulses on-resonant to the frequency of -3 ppm (upfield from water), 

according to the following equation: 

 

GluCEST𝑎𝑠𝑦𝑚(Δω=3ppm) =
Msat(−3ppm) −Msat(3ppm)

Msat(−3ppm)
∗ 100 (3.1) 

where 𝑀𝑠𝑎𝑡(±3𝑝𝑝𝑚) are the magnetizations obtained with saturation at the chemical shift 

difference  Δω = ±3 ppm offset from the water resonance which need to be interpolated 

from the acquired data at different off-resonance positions due to the inhomogeneity of B0. 

3.2.2 Deep Learning-based B0 Correction and GluCEST Quantification 

Based on the equation (3.1) above, Figure 3.1 illustrates the entire DL-B0GluCEST 

process. Instead of using all 26 CEST-weighted images (from ±1.8 to ±4.2 ppm with a step 

size of 0.2 ppm), DL-B0GluCEST was set up to generate the final GluCEST ratio with data 
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from only 1, 3, 5 or 7 pairs of saturation frequencies acquired at the downfield and upfield 

positions. 

 

Figure 3.1 The schematic process of the proposed deep learning-based B0 calibrated GluCEST 

quantification. 

While it is possible to build a deep network to interpolate the CEST weighted signal at 

+3ppm from those at arbitrarily located ppm locations, the model would need an additional 

channel to accept the offset locations as input, which requires additional network 

parameters. To simplify the model, we used an initial-interpolation module to shift all 

voxels of a CEST image acquired at a particular saturation offset (and subject to the 

spatially varying B0 field) to the same nominal offset location. Thus, the subsequent deep 

learning module can be still based on a standard CNN which is known to be able to improve 

SNR because of the convolutional process involved at each layer. Once the +3ppm and -

3ppm CEST data were produced by the two deep learning networks, respectively, the final 

GluCEST contrast ratio could be obtained from the equation (3.1) above. 
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3.2.3 The Deep Learning-based Module Used in DL-B0GluCEST 

The deep learning-based module from the schematic diagram (Figure 3.1) is 

described in detail in this section. The figure below shows the deep learning network 

architecture. 

 

Figure 3.2 The architecture of deep learning-based module used in DL-B0GluCEST 

DL’s Network Architecture. As shown in Figure 3.2, the deep learning-based module in 

DL-B0GluCEST is a deep residual network with a wide activation layer inside. The 

backbone of the network is a vanilla residual network while all the residual blocks are 

replaced by wide-activation deep super-resolution network (WDSR) blocks. The optimal 

number of WDSR blocks (8), the number of filters (32) and expansion ratio (4×) for WDSR 

filters are determined from the original WDSR paper [86]. For CEST-weighted data at 

different positive and negative saturation offsets (the Z-spectrum values), patches of the 

initial-interpolated images were used as the input. The training reference was the GluCEST 

weighted data at +3 ppm estimated by the current method [88].  Each input channel was 

associated with a separate convolutional layer. The output of all input layers was 

concatenated into one channel as the input to the successive layer. Following each 

convolutional layer, there are eight consecutive WDSR blocks constructed. In each WDSR 
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block, a wide activation layer was used to retain the high-frequency tissue boundary 

information. Following the eight consecutive blocks, another convolutional layer without 

any activation function was attached to the end to get the B0 corrected 3 ppm image patches 

with additional input from the second layer. 

WDSR’s Wide Activation layer. Wide activation (more filters) was used to preserve more 

information from the input before the rectified linear unit (ReLU) activation layer. 

Compared with original network, adding more layers might impart a similar improvement but 

will increase the computational burden. It has a slim identity mapping pathway with wider 

(4×32) channels before activation in each residual block. 

Deep Learning’s Training. Training was implemented by using patching techniques. 

Among 29 scans, first 20 of them were selected for training and the rest for testing. With 

original image size of 256*256 for each scan, patched with a size of 128*128 and stride of 

8 was cropped and a total of 8381 patches were generated. Three hundred epochs and a 

batch size of 4 were used. The adaptive moment estimation (Adam) [94] optimizer with an 

initial learning rate of 0.001 was used to train the network. After 120 and 180 epochs, the 

learning rates were reduced by 9 and 19 times, respectively. Another training with data 

augmentation was implemented as an extra experiment. Data augmentation was from 

corrupted data introduced with noises. Two types of Gaussian noise (mean=0, std=10 and 

mean=0, std=20) were applied to the input GluCEST while leaving the corresponding 

reference unchanged, besides the original 20 scans. The number of training samples 

increased by three times while the network and hyperparameter were the same. 

Experimental Setup and Evaluation. DL-B0GluCEST was compared to a popular deep 

learning model, Unet [95] without using wide activation blocks. DL-B0GluCEST was 
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trained and validated for 3, 5 and 7 input image pairs separately to show the stability and 

consistency of the algorithm. For DL-B0GluCEST with 1/3 input pairs, the CEST images 

acquired at +3/+2, 3, 4 ppm were used respectively. For DL-B0GluCEST with 5 input 

pairs, those at +2.4, 2.8, 3, 3.4, 3.8 ppm or at + 2.2, 2.6, 3, 3.2, 3.6 ppm were used as the 

input pairs. For the 7-input-channel run, the images acquired at position from +1.8 ppm to 

+4.2 ppm with a step of 0.4 ppm were used. Structural similarity index (SSIM), peak signal-

to-noise ratio (PSNR) and contrast-to-noise ratio (CNR) were calculated as the 

performance indices. CNR was measured by the ratio of the subtraction between the mean 

value of a gray matter (GM) in the region-of-interest (ROI) and a white matter (WM) ROI 

and standard deviation of a WM ROI [96]. Both ROIs were extracted from segmentation 

described in section 2.1. All deep learning experiments results were obtained using a deep 

learning framework from Keras and Tensorflow running on a Ubuntu16.04 system with a 

NVIDIA Tesla P100 and a NVIDIA GTX 1080 machine. 

3.3 Experimental Results 

After training for 300 epochs, experimental results were undertaken with the testing 

dataset described previously.  

 

Figure 3.3 GluCEST ratio maps of a representative subject calculated by different methods. 
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Figure 3.3 showed the GluCEST maps of one representative subject. The results produced 

by the traditional method [88] were used as reference. As shown in the first row, simply 

reducing acquisition time to 7/5/3/1 pairs CEST-weighted images with the conventional 

method dramatically lowered SNR of the results. Deep learning is a proper approach to 

overcome this issue. As compared to the traditional method in the second row, all deep 

learning methods produced high quality results in terms of tissue structure and contrast 

with the same or less acquisition time except WSDR-1-pair.  

We conducted the experiment with single image input at ±3 ppm, which should be 

the closest to the reference. As shown in Figure 3.3, this model with one-pair-input 

preserves the structure roughly, however, quantitatively it is worse than any other deep 

learning methods based on multiple inputs, even worse than UNet.  

Table 3.1 The quantitative results of mean SSIM, PSNR, and CNR for deep learning-based methods 

Method SSIM PSNR CNR 

Reference - - 0.946±0.154 

Unet-5-pair 0.826±0.024 25.00±4.23 1.043±0.109 

WDSR-1-pair 0.827±0.027 23.74±4.97 0.946±0.154 

WDSR-3-pair 0.848±0.019 26.39±4.13 1.044±0.093 

WDSR-5-pair-01 0.852±0.021 26.28±4.41 1.079±0.101 

WDSR-5-pair-02 0.852±0.019 26.78±4.01 1.068±0.084 

WDSR-7-pair 0.852±0.018 26.53±4.13 1.106±0.101 

one-way ANOVA 

p-value 
0.039 0.928 

0.007 (w/ ref) 

0.679 (w/o ref) 

 

The performance results are shown in Table 3.1. We can observe that SSIM average result 

is 0.827, PSNR average result is 23.74, and CNR average result is 0.946 for WSDR-1-pair 

model. Therefore, the WSDR-1-pair cannot be considered as an optimal solution. The 

number of multiple inputs to DL-B0GluCEST with WDSR showed minor effects on the 

outputs. All DL-B0GluCEST showed few voxels with negative GluCEST ratio. Therefore, 
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reducing acquisition samples from 13 pairs to 3/5/7 pairs are allowed to accelerate B0 

correction duration. 

Considering the visual and quantitative performance, instead of using all 13 pairs 

CEST-weighted images (from ±1.8 to ±4.2 ppm with a step size of 0.2 ppm), DL-

B0GluCEST used 5 pairs of CEST-weighted images to get the final GluCEST contrast 

ratio, which saved 61.5% acquisition time.  

Table 3.2 The post hoc tests of ANOVA test for SSIM 

Method 
Unet-5-

pair 

WDSR-3-

pair 

WDSR-5-

pair-01 

WDSR-5-

pair-02 

WDSR-7-

pair 

Unet-5-pair -1 0.067017 0.037457 0.012195 0.030398 

WDSR-3-pair 0.067017 -1 0.658761 0.325021 0.655237 

WDSR-5-pair-01 0.037457 0.658761 -1 0.61655 0.977859 

WDSR-5-pair-02 0.012195 0.325021 0.61655 -1 0.570572 

WDSR-7-pair 0.030398 0.655237 0.977859 0.570572 -1 

Table 3.1 shows the validation indices of all assessed methods. Except WDSR-1-

pair model, WDSR outperformed Unet dramatically in terms of SSIM (p=0.039 with 

conducting a one-way analysis of variance (ANOVA) test shown in Table 3.1 and post hoc 

shown in Table 3.2), which are all greater than 0.84. Unet-5-pair has significant difference 

with WDSR-5/7-pair models in terms of SSIM. WDSR-5-pair and WDSR-7-pair had 

slightly better SSIM than WDSR-3-pair. All deep learning methods yielded nearly the same 

PSNR (p=0.928 with conducting a one-way ANOVA test). The results suggest that WDSR 

and Unet both have good estimation in terms of image quality while WDSR surpassed Unet 

with perceived change in structural information. Deep learning produced higher CNR than 

the traditional method at the ROIs that compared contrast between some subcortical gray 

matter and white matter. 
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Table 3.3 Cross validation of three groups in terms of quantitative performance indices 

Evaluation 

Metrics 
Group 1 Group 2 Group 3 

One-way 

ANOVA 

p-value 

SSIM 0.867±0.010 0.869±0.019 0.867±0.020 0.969 

PSNR 28.46±2.68 27.81±3.47 27.57±4.34 0.866 

CNR 1.039±0.23 0.933±0.23 0.937±0.12 0.377 

 

In order to validate the effectiveness of the model, a 3-fold cross validation was 

created for DL-B0GluCEST with WDSR-5-input and the results are illustrated in Table 

3.3. The 29 scans were randomly split into 3 groups and each of them was used for testing. 

As shown in Table 3.3, there is no significant difference between groups in terms of SSIM, 

PSNR and CNR via one-way ANOVA test. The results are slightly better than the ones in 

Table 3.1 since the scans were shuffled this time instead of selecting the first 20 scans as 

training data. The scans from the same subject were used in both training and testing period 

respectively, which makes it easier to learn the distribution from training process. It shows 

consistent performance for DL-B0GluCEST. 

Figure 3.4 quantitatively demonstrates the efficacy of deep learning-based methods 

for predicting the quantitative CEST signal by plotting the linear regression lines and 

scatter diagrams between the reference values and the predicted ones. 
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Figure 3.4 Scatter plot of training and testing data for deep learning-based methods compared with the 

reference 

The first row showed the results for training data and the second row for testing data in 

terms of all deep learning-based methods. Each red dot denotes a voxel of the GluCEST 

map. The x-axis represents the reference, and the y-axis is the predicted value. The green 

line was the fitted relationship between the reference values (the pseudo ground truth) and 

the predicted ones, while the blue dashed line has a perfect slop of 1, indicating a perfect 

prediction with respect to the reference. The smaller the angle between the green and blue 

lines is, the better performance of the prediction model. In consistent with the performance 

indices measured by SSIM, PSNR, and CNR, WDSR based methods still outperformed 

Unet in Table 3.2. The number of input channels is insensitive to the results for WDSR 

models. In addition, the reference vs predicted value coupling (R^2≈0.9) for the training 

samples was better than that for the testing samples (R^2≈0.65) since the training data 

were seen by the model during training. Nevertheless, the high reference vs predicted value 
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coincidence for the testing data suggested that the models were able to predict GluCEST 

properly. 

Since the R square values of testing data were relatively small compared to training 

data, we listed the voxelwise R square value of testing subjects by all possible methods to 

investigate the problem.  

Table 3.4 Voxelwise R square value of each testing subject 

 Testing Subject Unet-5-pair 
WDSR-3-

pair 

WDSR-5-

pair-01 

WDSR-5-

pair-02 

WDSR-8-

pair 

sub-1 0.68731 0.77677 0.78838 0.79765 0.79536 

sub-2 0.59957 0.72156 0.71606 0.71772 0.73395 

sub-3 0.47199 0.65450 0.51682 0.66278 0.65688 

sub-4 0.44264 0.56932 0.58684 0.61897 0.58859 

sub-5 0.40463 0.58238 0.56142 0.63479 0.61572 

sub-6 0.21421 0.53181 0.45845 0.58194 0.54866 

sub-7 0.73365 0.78511 0.79640 0.82676 0.78363 

sub-8 0.56489 0.62553 0.64291 0.66181 0.65358 

sub-9 0.25669 0.42192 0.48542 0.42558 0.36645 

Average 0.51372 0.64541 0.63790 0.67423 0.65213 

 

We noticed two subjects (sub-6 and sub-9) showed relatively low R square values among 

all testing samples. Therefore, the prediction images of those two testing subjects with low 

R square value were evaluated in Figure 3.5.  
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Figure 3.5 The prediction results of two testing subjects with low R square values. 

Although their DL-generated images still displayed reasonable image contrast, the major 

image discrepancy across the reference and the deep learning methods came from the area 

marked by the red rectangles. The majority of the voxels within these brain regions had 

negative values in the reference map, which might be caused by low B1 but were certainly 

inaccurate. Intriguingly, the same voxels showed positive GluCEST signal in the deep 

learning output. While this result demonstrates the capability of deep learning for 

suppressing the inaccurate GluCEST quantifications, future experiments with B1 shift 

correction will be necessary to confirm that. 

Figure 3.6 illustrated the capability of the deep learning-based model for input perturbation 

with Gaussian noise visually and quantitatively. 
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Figure 3.6 Effect of input perturbation on predicted results depending on different training data. 

Different random noise with the same mean and standard deviation (mean=0, std=10) was 

added to different input CEST images which were subsequently sent to the deep learning 

model (without retraining) to get the predicted CEST signal. The same experiment was 

repeated with a higher level of noise (mean=0, std=20). More pepper noise can be seen in 

the network output when stronger noise was added to the input. Interestingly, adding the 

noise contaminated input to the training samples significantly improved the CEST signal 

prediction fidelity, suggesting an efficient way to augment the training samples and to 

improve the model performance by artificially creating more training data via adding noise 

to the input. 

3.4 Discussion and Conclusion 

To conclude for this chapter, we implemented deep learning as a novel approach to 

correct B0 inhomogeneity of CEST data. The proposed method enabled a total acquisition 

time reduction to 46%, 61%, and 77% using 3, 5 and 7 pairs of input images, respectively. 

To get reasonable results visually and quantitatively, we think 5 pairs of input images is a 
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preferable option to balance acquisition time and reconstruction accuracy. There is no 

significant difference between the performance of 5-pair and 7-pair models while the 3-

pair model is not visually consistent through different subjects.  

Correcting B0 inhomogeneity of GluCEST data using the conventional approach is 

an image synthesis task, which relies on pixelwise interpolation. Initially we conducted the 

primary experiments based on a pixelwise deep learning model. The model was able to get 

the structural information of GluCEST contrast but not accurate for the magnitude. In 

contrast, the deep learning-based approach employs nonlinear image prior modeling. The 

realistic image priors can be learned from a large number of training images and predict 

the B0 corrected GluCEST contrast for test data (or a newly acquired data set). The 

receptive fields in CNN enable the model to extract features to capture the full 

characteristics of image structures. This makes a deep learning-based approach more 

efficient than a traditional approach. 

In summary, we proposed a deep learning-based framework for correcting B0 

inhomogeneity for GluCEST imaging using fewer acquisitions, which has the potential to 

reduce CEST acquisition time by >60%. The assessed DL-B0GluCEST networks were 

largely insensitive to the number of input frequency offset images and yielded a higher 

SNR compared to the SNR obtained from the traditional method. Similarly, a new 

framework can be extended to include correction for B1 inhomogeneity.  
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CHAPTER 4  

 DEEP LEARNING ENABLES A HALF Z-SPECTRUM SAMPLING-BASED  

B0 INHOMOGENEITY CORRECTION FOR CEST MRI 

 

In this chapter, we propose an accelerated method to extend the capability of DL-

B0GluCEST using less than 7 downfield-offset images to predict he positive and negative 

resonance frequency signals. Among the experiment results, we made good predications 

of the signals with the reduced number of downfield-offset images to five images and three 

images.  

4.1 Problem Formulation 

GluCEST MRI is a noninvasive technique for mapping parenchymal glutamate in 

the brain [3, 52–54]. GluCEST signal is sensitive to magnetic field (B0) inhomogeneity. 

Corrections for B0 inhomogeneity often require sampling from both sides of the z-

spectrum at different saturation offsets. Consequently, the process can prolong total 

acquisition time and cause unintended issues such as increased sensitivity due to patients’ 

motion [7, 48]. We have recently proposed a deep learning-based algorithm [97] to 

accelerate the imaging acquisition process while also improving the SNR of the Glutamate 

weighted CEST (GluCEST) MRI. The method is called DL-B0CEST (or DL-B0GluCEST 

as it was originally tested in GluCEST MRI). DL-B0CEST can reduce half of the entire 

scanning time without sacrificing the B0 inhomogeneity correction quality. The superior 

performance of DL-B0CEST mainly relies on the use of a hierarchically organized massive 

number of nonlinear models (the artificial neurons) for fitting the low dimensional Z-

spectrum (Z-spectrum can be considered as a smooth curve) and the use of image based 
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non-local feature extraction. The benefit of using image based non-local feature extraction 

can suppress sporadic noise. To further reduce CEST imaging acquisition time, we 

proposed another DL-B0CEST extension using the downfield Z-spectrum offset images 

only. Our rationale is that the positive offset images contain both the background signal (B) 

and the CEST contrast (C), making it possible to use a deep learning network to delineate 

the CEST signal from the background through the supervised learning of the nonlinear 

transform from B+C to B. By predicting B from B+C, the negative (upfield) offset images 

can be skipped during image acquisitions. In other words, the negative offset images can 

be predicted from the positive offset images.  

The rest of this chapter is organized as follows: section 4.2 presents our proposed 

deep learning model architecture in detail; section 4.3 demonstrates the experiment of our 

methods on testing datasets; and section 4.4 discusses the results and concludes the main 

contribution of this work. 

4.2 Data Collection and Methods 

There were 29 sets of GluCEST scans collected from seven subjects in a 7T 

Siemens scanner (Erlangen, Germany), with twenty scans being used as training data sets 

and nine scans being used as the test data sets. A full z-spectrum sampling at 26 offsets 

along the upfield and downfield side of the z-spectrum (from ±1.8 to ±4.2 ppm with a step 

size of 0.2 ppm) were acquired to provide a B0 correction reference for training the deep 

learning network. The original deep learning-based method DL-B0CEST only used 1/3/5/7 

pairs of samples instead of the full set of 13 pairs [97]. However, all the samples from 

negative spectrum could be discarded in our proposed method. CEST contrast was 

generally estimated from images acquired with opposite offset RF irradiations. Negative 
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offset images were acquired to control the background signal due to magnetization transfer 

and direct water saturation; positive offset images were supposed to modulate the positive 

image by additional signal originated from protons of interest. As described in Chapter 2.2, 

magnetic transfer ratio (MTR) can be presented as follows: 

 

MTR = Z(𝜔) = {

CEST|𝜔 +MTC|𝜔 + DS|𝜔,           𝜔 > 0                        (a)

0,                                                         𝜔 = 0                        (b)
MTC|𝜔 + DS|𝜔,                               𝜔 < 0                        (c)

 (4.1) 

where and Z(•) is the signal magnitude of Z-spectrum at the value of •, and  𝜔 denotes as 

the offset frequency of the z-spectrum from ±1.8 to ±4.2 ppm with a step size of 0.2 ppm. 

CEST effect only happens when the saturation frequency is greater than 0 ppm with respect 

to bulk water and CEST has the best effect at the resonant frequency 𝜔𝑟𝑓. Hence, the CEST 

effect is assessed by comparing with the water signal reduction when saturating the 

opposite spectral location −𝜔𝑟𝑓 . This assumes that the MTC and DS effects are 

symmetrical about the water frequency: 

 MTC|+ωrf = MTC|−ωrf 

 DS|+ωrf = DS|−ωrf 
(4.2) 

Based on equation (4.1) and equation (4.2), we can derive CEST by subtracting Z(−𝜔𝑟𝑓) 

and Z(+𝜔𝑟𝑓) as follows: 

 CEST = MTR𝑎𝑠𝑦𝑚 = Z(+𝜔𝑟𝑓) − Z(−𝜔𝑟𝑓) (4.3) 

where 𝜔𝑟𝑓 is denoted as the saturation frequency difference with water. Due to the B0 

inhomogeneity, Z(+𝜔𝑟𝑓) and Z(−𝜔𝑟𝑓) cannot be measured directly, therefore, we need 

to estimate the entire Z spectrum function Z̃(). Conventionally, Z̃() is calculated based on 

polynomial interpolation formula and we proposed a deep learning-based method to 
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estimate Z(+𝜔𝑟𝑓) and Z(−𝜔𝑟𝑓) more efficiently in [97]. The manifold learning process 

can be written as follows: 

 Z(+𝜔𝑟𝑓) = CEST|+𝜔𝑟𝑓 +MTC|+𝜔𝑟𝑓 + 𝐷𝑆|+𝜔𝑟𝑓 = Z̃(+𝜔𝑟𝑓) 

= Φ(Z(+𝜔1), . . . , Z(+𝜔𝑛)) 

(4.4) 

 

 Z(−𝜔𝑟𝑓) = MTC|−𝜔𝑟𝑓 + 𝐷𝑆|𝜔𝑟𝑓 = Z̃(−𝜔𝑟𝑓) 

= Φ′(Z(−𝜔1), . . . , Z(−𝜔𝑛)) 

(4.5) 

where Φ()  and Φ′()  are the neural networks for positive and negative Z-spectrum 

separately, and Z(±𝜔1), . . . , Z(±𝜔𝑛)  are the signals with the off-resonance pulse 

±𝜔1, . . . , ±𝜔𝑛. 

Based on equation (4.2), the MT and DS effects were symmetrical about the water 

frequencies. The assumption gave us a new idea that whether our deep learning model can 

learn the negative mapping directly from positive samples. Since the MTRasym signal is 

relatively small, we can regard it as part of the noise from input during the training at 

negative side. Therefore, the new manifold learning process can be written as follows: 

 Z(+𝜔𝑟𝑓) = CEST|+𝜔𝑟𝑓 +MTC|+𝜔𝑟𝑓 + 𝐷𝑆|+𝜔𝑟𝑓 = Z̃(+𝜔𝑟𝑓) 

= Φ(Z(+𝜔1),… , Z(+𝜔𝑛)) 

(4.6) 

 

 Z(−𝜔𝑟𝑓) = MTC|−𝜔𝑟𝑓 + 𝐷𝑆|𝜔𝑟𝑓 = Z̃(−𝜔𝑟𝑓) 

= Φ′(Z(+𝜔1), . . . , Z(+𝜔𝑛)) 

(4.7) 

where the positive process is the same and the negative process uses the signals with the 

off-resonance pulse at downfield offsets. Therefore, this new learning process allowed our 
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model to skip all the samples from negative spectrum which saved half the acquisition time 

compared to the original deep learning-based method. 

To summarize the process, Figure 4.1 shows the schematic diagram of our proposed 

method. It was called by DL-B0CEST-HS as half spectrum were used as input compared 

to the original DL-B0CEST. 

 

Figure 4.1 The schematic illustration of the proposed deep learning-based B0 calibrated GluCEST 

quantification. 

In the figure, we have three blocks: 

a. The inputs block is a multiple set of downfield offset images and the B0 

inhomogeneity map. The same interpolation block of the original DL-B0CEST [97] 

can be used to get an approximated saturation image to be fed into the next block 

for finer processing.  

b. The middleware block contains two sub-DL networks: one for predicting the z-

spectrum sample at 3 ppm, the other for -3ppm. The combination of positive and 

negative estimations calculates the final B0 corrected GluCEST contrast ratio. 
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c. The output block is used to generate the B0 corrected CEST images. 

The middleware block and output block are fully described in Figure 4.2. To predict 

the z-spectrum sample at ±3 ppm, the two separate models shared the same input CEST-

weighted data at different positive saturation offsets (the Z-spectrum values).  

 

Figure 4.2 The architecture used in DL-B0GluCEST-HS  

There are two deep learning-based model that uses the same configuration from the wide-

activation deep super-resolution network (WDSR) [86]. The deep learning network is an 

enhanced deep residual network. The backbone of the network is the vanilla residual 

network while all the residual blocks are replaced by WDSR blocks. The first layer consists 

of 32 convolutional filters with 3×3 kernel size for each input image. After concatenating 

them as one channel and going through another convolutional layer, the subsequent layers 

include 8 consecutive WDSR blocks, which each contain two convolutional layers and one 

activation layer. Another convolutional layer was attached to the end to get the B0 
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corrected ±3 ppm image with additional input from the concatenated layer. At the output 

block, the subtraction of two resultant images is calculated in order to obtain B0 corrected 

CEST image. 

To assess the sensitivity of DL-B0CEST-HS to the number of offset acquisitions, 

several experiments were performed by taking1, 3, 5, or 7 different downfield z-spectrum 

offset images as the inputs. The corresponding DL-B0CEST-HS networks trained were 

named DL-B0CEST-HS1, 3, 5, and DL-B0CEST-HS7, respectively. Training reference 

was obtained from the full set of 26 offset images at both sides of the z-spectrum using 

current non-deep learning-based B0 correction method. DL-B0CEST with 1, 3, 5, 7 pairs 

of positive and negative ppm saturation images [97] were trained as a comparison to show 

the stability and consistency of the algorithm. 

4.3 Experimental Results 

Experimentally, we calculated SSIM, PSNR, and CNR to evaluate the capabilities 

of the deep learning-based methods. Table 4.1 shows the performance indices of different 

methods. 

Table 4.1 Quantitative results of DL-B0CEST-HS vs DL-B0CEST in terms of SSIM, PSNR, and CNR. 

Evaluati

on 

Metrics  

Referen

ce 

DL-

B0CE

ST-

1pair 

DL-

B0CE

ST-

3pair 

DL-

B0CE

ST-

5pair 

DL-

B0CE

ST-

7pair 

DL-

B0CE

ST-

HS1 

DL-

B0CE

ST-

HS3 

DL-

B0CE

ST-

HS5 

DL-

B0CE

ST-

HS7 

SSIM - 

0.827

±0.02

7 

0.848

±0.01

9 

0.852

±0.02

1 

0.852

±0.01

8 

0.826

±0.03

2 

0.847

±0.02

7 

0.852

±0.02

8 

0.851

±0.02

9 

PSNR - 
23.74

±4.97 

26.39

±4.13 

26.28

±4.41 

26.53

±4.13 

23.49

±5.41 

26.57

±4.61 

26.52

±4.79 

26.62

±4.73 

CNR 
0.946±

0.154 

0.946

±0.15

4 

1.044

±0.09

3 

1.079

±0.10

1 

1.106

±0.10

1 

1.113

±0.13

7 

1.192

±0.09

7 

1.118

±0.10

8 

1.133

±0.10

9 
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Table 4.1 shows the performance indices of different methods. The shadow part of table 

describes the performance of DL-B0CEST-HS methods. DL-B0CEST-HS1-7 performed 

similarly to their counterpart: DL-B0CEST-1-7pair (the previous deep learning-based B0 

correction method with different pairs of positive/negative offset acquisitions) in terms of 

all performance indices, respectively. For SSIM, DL-B0CEST-HS1 showed the worst 

performance compared to other DL-B0CEST-HS networks. DL-B0CEST-HS5 and DL-

B0CEST-HS7 had slightly higher values than DL-B0CEST-HS3. For PSNR and CNR, all 

DL-B0CEST-HS networks yielded similar quantitative results. Therefore, the DL-

B0CEST-HS1 should not be considered as an eligible solution to obtain B0 image 

correction.  

To acquire the GluCEST maps, we obtained them for all 7 subjects from testing set 

using three different methods, namely conventional method, DL-B0CEST and DL-

B0CEST-HS. Figure 4.3 shows an example from one representative subject. 
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Figure 4.3 GluCEST ratio maps of a subject calculated by different methods.  

Row (a)(c)(e) are GluCEST results and row (b)(d)(f) are differences map between the 

labeled method and the gold standard conventional approach [51]. The number in the 

methods indicates how many downfield offset images were used as the input to the deep 

learning networks. The results produced by the traditional method [88] with all 13 pairs 

input images are used as references. As shown in the first row, reducing z-spectrum 

sampling from 13 pairs to 7/5/3/1 pair positions dramatically reduced SNR of the GluCEST 



55 
 
 
 

contrast maps generated with the traditional method. By contrast, all deep learning methods 

produced high quality results in terms of tissue structure and contrast when 3 or more offset 

images or 3 or more pairs of offset images were acquired. Therefore, it brought similar 

conclusion with quantitative results that DL-B0CEST-HS1 could not be treated as a 

qualified solution. There was no visible difference between the original deep learning-

based method and the proposed method in the paper with the same input number. 

In order to validate the effectiveness of the model, a 3-fold cross validation was 

conducted with DL-B0CEST-HS5. The results were illustrated in Table 4.2. 

Table 4.2 Cross validation of three groups and the results of one-way ANOVA test for DL-B0CEST-HS5 

Evaluation 

Metrics  Group 1 Group 2 Group 3 
One-way 

ANOVA 
p-value 

SSIM 0.874±0.009 0.874±0.029 0.870±0.023 0.920 

PSNR 29.04±2.66 28.10±4.12 28.12±4.53 0.842 

CNR 1.05±0.22 1.06±0.22 0.921±0.14 0.179 
 

The 29 scans were randomly split into 3 groups. Each of the groups was used for testing 

and the rest of two for training. Compared to the reference, the SSIM, PSNR and CNR 

values for each testing group were all greater than 0.870, 28.10, and 0.92, respectively. 

Table 4.2 indicated that there is no significant difference between groups in terms of all the 

performance indices via one-way ANOVA test. 

  



56 
 
 
 

Table 4.3 Cross validation of three groups and the results of one-way ANOVA test for DL-B0CEST-5pair 

Evaluation 

Metrics  Group 1 Group 2 Group 3 
One-way 

ANOVA 
p-value 

SSIM 0.867±0.010 0.869±0.019 0.867±0.020 0.969 

PSNR 28.46±2.68 27.81±3.47 27.57±4.34 0.866 

CNR 1.039±0.23 0.933±0.23 0.937±0.12 0.377 
 

Table 4.3 showed consistent performance between DL-B0CEST-HS5 and DL-B0CEST-

5pair, that suggested the efficacy of DL-B0CEST-HS series. Additionally, we used one-

way ANOVA test to compare the performance between DL-B0CEST-5pair, and DL-

B0CEST-HS5. The p-value of the one-way ANOVA test in terms of SSIM, PSNR, and 

CNR equals to 0.943, 0.972, and 0.282, respectively. The p-value result of each evaluation 

metric was significantly higher than 0.05 that indicates there was no significant difference 

for all the performance indices between two models. It suggested that cutting off half of 

the input number from the original DL-B0CEST model did not diminish the performance 

of the models. 

Figure 4.4 (a)(b) demonstrated the scatter regression plots for training data (the first 

row) and testing data (the second row) of DL-B0CEST-1-7pair and DL-B0CEST-HS1-7, 

respectively. 
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Figure 4.4 Scatter plot for DL-B0CEST-1-7pair (a) and DL-B0CEST-HS1-7 (b) compared with the 

reference. 

Each red dot denoted a voxel of the GluCEST map. The x-axis represented the reference, 

and the y-axis represented the predicted value.  The green line was the linear regression 

fitting based on those points and blue dashed line was the golden standard that prediction 

equals ground truth, which means the smaller the angle between the solid and dashed lines, 

the better performance of the prediction models. In consistent with the quantitative and 

visual results, DL-B0CEST-HS1 cannot be regarded as a qualified solution and DL-

B0CEST-HS3/5/7 yielded similar performance. In addition, the reference versus predicted 

value coupling (R^2≈0.9) for the training samples was much higher than the results for 
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the testing samples (R^2≈0.65) since the training data was seen by the model during 

training. Nevertheless, the high reference versus predicted value coincidence for the testing 

data suggested that the models can predict GluCEST accurately. 

 In Figure 4.5, the difference between DL-B0CEST-1-7pair and DL-B0CEST-HS1-

7 were evaluated using scatter plots for training data (the first row) and testing data (the 

second row), respectively. 

 

Figure 4.5 Scatter plot between DL-B0CEST and DL-B0CEST-HS. 

In each column, DL-B0CEST-1-7 pairs were compared with the corresponding DL-

B0CEST-HS1-7 that reduced half of the number of inputs. The x-axis represented the 

predicted value from DL-B0CEST-1-7pair, and the y-axis stood for DL-B0CEST-HS1-7. 

The solid line was the linear regression fitting based on those points and blue dashed line 

had a perfect slop of 1, indicating the DL-B0CEST-1-7pair prediction results equals DL-

B0CEST-HS1-7 exactly. The closer distance of the two lines, the more similar performance 

of the models. Regardless of predicting the training or testing samples with different input 
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number, most R^2 values were greater than 0.9. It suggested that reducing half of the input 

number from the original DL-B0CEST model still can preserve performance of the models. 

4.4 Discussion and Conclusion 

To summarize this chapter, we implemented deep learning as a novel approach to 

B0 inhomogeneity correction of CEST data. Based on our previous deep learning-based 

CEST MRI B0 inhomogeneity correction algorithm DL-B0CEST, we proposed a new 

CEST B0 inhomogeneity correction method, DL-B0CEST-HS to reduce the full Z-

spectrum offset swiping to a few downfield offset image acquisitions. Tested on GluCEST 

MRI, DL-B0CEST-HS enabled a total acquisition time reduction of 88%, 80%, and 73% 

by using 3, 5 and 7 downfield offset images, respectively. No significant performance 

difference was observed between the 5 offset and 7 offset DL-B0CEST-HS models. Results 

of the 3-offset DL-B0CEST-HS was slightly outperformed by those from the 5 and 7 input 

models. In terms of the tradeoff between acquisition time and reconstruction accuracy, the 

DL-B0CEST-HS with 3 or 5 offset images appear to be the preferable option. 

The conventional approach to correct B0 inhomogeneity of GluCEST data is an 

image synthesis task, which relies on pixelwise interpolation. However, the proposed deep 

learning-based approach employs nonlinear image prior modeling. A convolutional neural 

network (CNN) is constructed as the model and all the training images are thrown to feed 

this model to tune good parameters by many iterations. The receptive fields in CNN enable 

the model to extract features to capture the full characteristics of image structures. Every 

data point at any position contributes to the prediction for the entire image instead of 

calculation pixel by pixel. Since every image has a stable spatial pattern which is the brain 

structure, the brain structure information can be utilized during the training process. It 
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allows us to use spatial information to compensate to potential temporal information loss, 

which makes our deep learning-based approach much more efficient than a traditional 

approach. 

In our previous deep learning-based CEST MRI B0 inhomogeneity correction work, 

we have showed that a sparse sampling paradigm is sufficient to reconstruct the full Z-

spectrum. The success of this work is attributed to the overall smoothness of the Z-

spectrum and the use of spatial information (across different neighboring voxels) to 

compensate the frequency domain information (the irradiation frequency offsets). The 

same rationales suggest the possibility of using the sparsely sampled half Z-spectrum to 

reconstruct the entire Z-spectrum in DL-B0CEST-HS. The results presented in this paper 

clearly proved this possibility. With the DL-estimated Z-spectrum, the target CEST signal 

(here the GluCEST) can be reliably interpolated at the desired nominal offset position. 

While the underlying positive to negative offset Z-spectrum mapping function learned by 

the deep learning model may seem too obscure and empirical from the traditional analytical 

point of view, it actually is grounded on the basic relationship between the upfield and 

downfield offset images. As we introduced in the beginning, signal in the positive offset 

images contain both the background signal and the CEST contrast, which grounds the 

possibility of delineating the CEST signal from the background through the supervised 

machine learning. Guided by the same rationale, it is possible to predict the positive offset 

side (downfield) of the Z-spectrum from the negative offsets, but it needs to be verified in 

future work. 

To conclude, based on 3 or 5 positive offset CEST images, DL-B0CEST-HS can 

save >80% of CEST imaging acquisition time as compared to current 26 offsets of double 
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site z-spectrum irradiations based protocol. This approach can be applied to other CEST 

imaging as well. 
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CHAPTER 5  

DEEP LEARNING-BASED B0 INHOMOGENEITIES MAPPING  

USING SPARSE CEST SPECTRAL DATA 

 

In this chapter, we developed two deep learning-based methods for estimating B0 

inhomogeneities to accelerate CEST imaging using fewer samples. While only a small 

sample size was used, our study shows the potential of deep learning-based B0 mapping, 

which can greatly reduce the total CEST acquisition time. 

5.1 Problem Formulation 

CEST MRI has emerged as a novel technology for precise diagnosis of various 

diseases by either endogenous molecules such as mobile proteins [2] and glutamate [98], 

or exogenous administered contrast agents such as glucose and its derivatives [6, 58, 99]. 

One of the crucial technical hurdles in CEST MRI is, as CEST signal highly depends on 

the saturation frequency, how to accurately correct the B0 inhomogeneity in each voxel. 

While B0 inhomogeneity maps can be measured using phase mapping [48] or water 

saturation shift referencing (WASSR) [7], these methods require extra acquisition time and 

co-registration steps to match the acquired B0 maps with CEST images.  In the present 

study, we hypothesized that sparely sampled Z-spectral images indeed can be used to 

estimate B0 inhomogeneity maps by the means of deep learning, which eliminates the need 

for additional data acquisition and processing and hence is more efficient. 

5.2 Data Collection and Methods 

In this section, data acquisition protocol and the proposed methodology are 

introduced in detail.  
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5.2.1 Image Acquisition 

In vivo MR studies were carried out on a Biospec 11.7 T horizontal MRI scanner 

equipped with a 23 mm mouse brain volume coil. MR images were acquired dynamically 

after intravenous (IV) injection of dextran-1 (2 g/kg) in C57BL6 mice (female, 5-6 weeks, 

n=5) bearing GL261 orthotopic brain tumors at 21 days after stereo-tactically injecting 

2x104 GL261 cells at a depth of 3 mm below the dura. Two sets of steady-state Z-spectral 

CEST MR images (±3 ppm, step=0.2 ppm, total 31 offsets) were acquired before and after 

the injection of dextran-1 using a modified fat-suppressed rapid acquisition with relaxation 

enhancement (RARE) sequence (continuous wave (CW) saturation pulse, B1=1.8 µT and 

3 seconds, TR/TE=5000/5 ms, RARE factor=23, total acquisition time=7 min 45 sec). Pre- 

and post-injection B0 inhomogeneities were also measured using the WASSR method [7] 

using the same RARE sequence [100] (CW pulse , B1=0.5  µT and 500 ms,  ±1 ppm, 

step=0.1 ppm, TR/TE=1500/5 ms, RARE factor=23, total acquisition time=1 min 35 sec). 

A total of 8 sets of CEST images from 4 mice were used as training data and 4 sets of 

CEST images from 2 mice were used as testing data. All images were first masked to 

remove background voxels prior to deep learning. 

5.2.2 Network Architecture and Model Training 

As shown in Figures 5.1 and 5.2, both voxel- and patch-based deep neural networks 

were investigated using data sets that were nonlinearly transformed from CEST-weighted 

images at 8 selected offsets (±100, ±200, ±300, -400, and -500Hz).  
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Figure 5.1 The architecture of voxel-based model 

The voxel-based model shown in Figure 5.1 is simple fully connected feed-forward 

artificial neural network containing 3 hidden layers with 100 filters. For each voxel, the 

CEST image intensity of at the 8 offset frequencies was used as the input of neural network, 

and B0 offset was the output.  

The image patch-based model shown in Figure 5.2 is composed of a deep residual 

network armed with wide activation layers.  
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Figure 5.2 The architecture of voxel-based model 

In Figure 5.2, the backbone of the network is the vanilla residual network [85] except the 

residual blocks were replaced by WDSR blocks [86]. The details of parameters are 

described in Chapter 4.2. Both methods were retrospectively evaluated using the B0 maps 

acquired by WASSR. The mean squared error was used as the lost function for both 

networks and the Adam optimization function was used as the optimizer [94]. 

5.3 Experimental Results 

Experiments were conducted to validate the capabilities of both voxel- and patch-

based models. The results obtained by WASSR were used as a baseline. Visual results of 

representative training and testing subjects for the voxel- and patch-based models are 

shown in Figures 5.3 and 5.4, respectively.  
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Figure 5.3 B0 maps of training and testing samples by voxel-based methods 

 

Figure 5.4 B0 maps of training and testing samples by patch-based methods 

“Reference” refers to the results obtained by WASSR. “Prediction” shows the B0 offset 

maps estimated by the deep learning models. “Difference Map” is the difference between 

the reference and the deep learning methods. The first row is the results for one training 
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subject, and the second row is for one testing subject. Both methods produced B0 offset 

maps quite similar to the reference. For voxel-based model, the gap between training and 

testing subject was relatively smaller than the patch-based model. Compared to the voxel-

based method, the patch-based model resulted in more spatially constrained errors. 

Quantitatively, the voxel-based method showed slightly better performance than 

the patch-based one regarding the B0 map prediction errors and the structural similarity 

from Tables 5.1 and 5.2.  

Table 5.1 The mean absolute error (MAE) between reference and deep learning-based methods from every 

sample that evaluates the performance of DL methods voxelwise. 

Trials 
MAE by voxel 

model (Hz) 

MAE by patch 

model (Hz) 

Train mice 1 
10.210 11.730 

14.050 0.105 

Train mice 2 
7.210 0.134 

10.441 0.112 

Train mice 3 
12.421 0.130 

12.895 0.135 

Train mice 4 
5.996 0.074 

7.375 0.071 

Test mice 1 
8.770 7.741 

9.331 16.940 

Test mice 2 
8.440 11.520 

9.494 10.000 
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Table 5.2 The Structural Similarity Index (SSIM) between reference and deep learning-based methods from 

every sample that evaluates the performance of deep learning methods mapwise. 

Trials 
SSIM by 

voxel model 

SSIM by 

patch model 

Train mice 1 
0.9459 0.9758 

0.9253 1.0000 

Train mice 2 
0.9647 1.0000 

0.9359 0.9998 

Train mice 3 
0.9658 1.0000 

0.9716 1.0000 

Train mice 4 
0.8736 0.9996 

0.8435 0.9996 

Test mice 1 
0.9419 0.9389 

0.9338 0.8860 

Test mice 2 
0.9383 0.9390 

0.8947 0.8940 

 

This difference may be attributed to the small sample size. Even based on the same training 

data, the training sample size for the voxel-based method is much bigger than that for the 

patch-wise deep learning model simply because each voxel becomes a training sample. 

Moreover, the patch-based method has more parameters to be trained, which theoretically 

requires more training samples. Since the patch-based method explicitly uses spatial 

correlation among the neighboring voxels, it can increase SNR of the output B0 map if 

more training samples will be available to refine the model. Nevertheless, the results from 

the two different deep learning models proved the effectiveness of deep learning for B0 

map estimation. 
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5.4 Discussion and Conclusion 

Because our deep learning B0 mapping methods used spare samples, it can greatly 

accelerate CEST imaging acquisition time. In this demonstration, the full Z-spectral 

acquisition took almost 8 min and the WASSR acquisition took ~ 1.5 min.  Considering 

only 8 offsets are needed for deep learning, the total acquisition time is only ~ 2 min. Of 

course, one also needs to acquire CEST images at the offsets of interest (e.g.,1 ppm for 

dextran or glucose), making the total acquisition time 2-3 min. Hence, with our current 

settings, it is possible to reduce the total acquisition time by 80%.  
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CHAPTER 6   

CONCLUSION AND FUTURE WORK 

 

In this chapter, we conclude what I have done to accelerate the acquisition time and 

improve the image quality in terms of CEST MRI by deep learning. Additionally, we 

discuss what can be done in the future based on current solutions. 

6.1 Conclusion 

In this dissertation, we proposed deep learning-based methods for CEST MRI 

signal processing. This main contribution of the research is to explore the effectiveness of 

using deep learning to accelerate acquisition time and improve the image quality of CEST 

imaging. To the best of our knowledge, it is the first-of-its-kinds research conducted in 

CEST MRI images. In the research, we have developed the following three methods: 

1. DL-B0GluCEST method: we proposed a deep learning-based method (DL-

B0GluCEST) to correct B0 inhomogeneity for glutamate-weighted (GluCEST) 

CEST imaging with an aim to significantly reduce the number of different 

frequency offset acquisitions but without sacrificing B0 inhomogeneity 

correction accuracy. While accelerating the imaging process often comes with 

reduced SNR, we expect to see increased SNR due to the CEST signal manifold 

learning and the constrained location convolution embedded in deep learning. 

2. DL-B0GluCEST-HS method: we extended the capability of DL-B0GluCEST 

by predicting both the positive and negative 3ppm signal from a few downfield 

offset images. Our rationale is that the positive offset images contain both the 

background signal (B) and the CEST contrast (C), making it possible to use a 
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deep learning network to learn the nonlinear transform from B+C to B. In other 

words, the negative offset images can be predicted from the positive offset 

images. Experimental results showed that we can save >80% of CEST imaging 

acquisition time as compared to the conventional protocol. This approach can 

be applied to other CEST imaging as well. 

3. B0 inhomogeneity maps correction method: while B0 inhomogeneity maps can 

be measured using phase mapping [48] or WASSR [7], these methods require 

extra acquisition time and co-registration steps to match the acquired B0 maps 

with CEST images.  In the present study, we hypothesized that sparely sampled 

Z-spectral images indeed can be used to estimate B0 inhomogeneity maps by 

the means of deep learning, which will eliminate the need for additional data 

acquisition and processing and hence is more efficient. We demonstrated the 

use of two deep learning-based methods for estimating B0 inhomogeneities to 

accelerate CEST imaging using spare samples. While only a small sample size 

was used, our study shows the potential of deep learning-based B0 mapping, 

which can greatly reduce the total CEST acquisition time. 

Experimental results have demonstrated the efficacy and correctness of the techniques. The 

deep learning methods were proven theoretically matched to parameters described in the 

Bloch equations. Most importantly, these techniques are proven to be practically used in 

the lab and in the clinical settings.  

6.2 Future Work 

Currently, our proposed deep learning-based methods are trained and tested on 

normal subjects. The future work would involve validation of our proposed methods on 
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uncommon cases, such as investigation of results for subjects with tumors or lesion regions. 

Besides, the frequency offset position selection for the input of DL-B0CEST is fixed, more 

experiments need to be conducted to find the optimal position combination of the input 

images. Furthermore, combining B0 map offset correction and B0 inhomogeneity 

correction is another direction. Since the B0 calibration and correction processes can be 

both accomplished by deep learning, we envision that an integrated framework can be 

developed to include both parts in future work, which can significantly reduce the 

acquisition time and improve CEST image quality.  

The completion of the results will serve as the basis for one if not two additional journal 

articles.  
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