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CHAPTER 1

Introduction

1.1 Semi-automated Human Head Model Construction

In Magnetic Resonance Imaging (MRI), RF shimming or Parallel Transmission (PTx) has emerged as a

critical technology for producing high-quality images at ultra high fields (UHF) (Zhu, 2004; Katscher and

Börnert, 2006). The design of RF coils for MRI depends on customized head models with extensive tissue

labels, significantly enhancing electromagnetic (EM) simulations for RF coil validation and optimization.

Open-source segmentation tools have generated head models from MRI scans (Thielscher et al., 2015; Puonti

et al., 2020; Lloyd, 2022), but the most advanced automatically segmented brain model for EM simulations

lacks muscle, fat, skin, and detailed brain labels, limited by the tissue types detectable in T1-weighted (T1w)

images. This study presents an advanced head segmentation suite, creating the most detailed brain model to

date with 14 labels, including gray/white matter, skin, fat, muscle, bone, eyes, CSF, corpus callosum, thala-

mus, brain stem, ventricle, cerebellum, and spinal cord. Using state-of-the-art segmentation on paired T1w

MRI and CT scans from 20 patients, our models maintain alignment with the Duke model (IT’IS Foundation,

2015) in electric and transmit fields and demonstrate improved field uniformity at 7 Tesla.

1.2 Fast RF Shimming Design

At ultra high fields (UHF), as the static field strength rises, the RF wavelength becomes comparable to tis-

sue dimensions, causing destructive interferences (Van de Moortele et al., 2005). These interferences induce

inhomogeneous B+
1 fields, leading to inconsistent flip angles and abnormal image intensities. If not ad-

dressed, such non-uniformity reduces overall image quality at UHF and hinders broader adoption in medical

practice. Traditional methods like Magnitude Least Squares (MLS) optimization have been widely used

for RF shimming, improving field uniformity but requiring time-intensive computations and subject-specific

calibrations (Setsompop et al., 2008; Padormo et al., 2016; Kilic et al., 2024). Recent advancements in ma-

chine learning have shown promise in addressing these issues, enabling faster predictions of RF shimming

weights (Plumley et al., 2022; Mirfin et al., 2018; Shin et al., 2021). However, many of these approaches

struggle with computational efficiency, artifact detection, and architectural limitations, leaving significant

gaps in practical applications.

We introduce a holistic learning-based framework called Fast-RF-Shimming, which achieves a 5000×

speed-up in RF shimming compared to traditional MLS optimization methods. To achieve this, we develop

a random-initialized Adaptive Moment Estimation (Adam) algorithm (Kingma and Ba, 2014) to determine
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Figure 1.1: The B+
1 field inhomogeneity problem addressed in RF shimming design and main advantages of

our proposed strategy over conventional MLS method. The block to the left presents the 8-coil B+
1 data we

started with. The two central blocks show our method and conventional MLS method with costed runtime
over one subject based on MPRAGE (Mugler and Brookeman, 1990) which is estimated from testing predic-
tion. On the right are two optimization results on the same slice picked from testing cases, which shows a
contrast of uniformity over the B+

1 field between the two methods.

the desired reference RF weights as training upper bounds from multichannel B+
1 fields across slices. Next,

we adopt a Residual Network (ResNet) framework introduced by He et al. (He et al., 2016), which learns to

map the B+
1 field directly to the RF shimming upper bound outputs. Finally, we design Non-uniformity Field

Detector (NFD), an optional post-processing step, to ensure the extreme non-uniform outcomes are identified.

We compare our method with traditional MLS optimization in terms of Root Mean Square Error (RMSE) and

computational time, evaluating performance slice-by-slice. The contribution of this paper is threefold.

• We introduce a holistic learning-based framework called Fast-RF-Shimming, which achieves a 5000×

speed-up in RF shimming compared to traditional MLS optimization methods.

• We develop a random-initialized Adam to derive high-quality training data (regarded as upper-bound)

as reference RF shimming weights for training the learning based framework, mitigating the risk of

local minima commonly seen in MLS Kingma and Ba (2014).

• A ResNet architecture He et al. (2016) is leveraged to efficiently learn residual functions from B+
1

magnetic fields to complex shimming weights for each transmit channel.

2



CHAPTER 2

Related Work

2.1 Head Segmentation and Model Construction

Accurate segmentation of head compartments is essential for realistic electromagnetic (EM) simulations.

Vorwerk et al. (Vorwerk et al., 2014) developed a framework leveraging multimodal imaging data, such as

T1-weighted (T1w), T2-weighted (T2w), and diffusion tensor MRI scans, to segment major head compart-

ments, including skin, skull compacta, skull spongiosa, cerebrospinal fluid (CSF), gray matter, and white

matter. Their method employs active contour techniques and manual corrections to enhance anatomical fi-

delity, with finite element meshes constructed for simulations. However, the computational intensity and

memory requirements of this approach pose challenges for routine use. SimNIBS Toolbox integrates two

segmentation pipelines, both emphasizing head modeling. The first method, developed by Nielsen et al.

(Nielsen et al., 2018), focuses on skull segmentation, leveraging extended tissue priors and multimodal MRI

inputs (T1w and T2w) to improve accuracy. It addresses the challenges of low skull conductivity and models

features like the spongiosa and compacta. The second method, Complete Head Anatomy Reconstruction

Method (CHARM), introduced by Puonti et al. (Puonti et al., 2020), expands segmentation to 15 tissue

types, including extracranial structures such as spongy bone, veins, and air cavities. CHARM employs a

two-stage resolution process that refines coarse atlas-based segmentations with Gaussian mixture models for

tissue classification. While both methods enhance segmentation of head compartments, they struggle to re-

solve fine brain details due to their reliance on generalized priors. Imaging artifacts, such as fat-shift effects,

further impact their accuracy. Stolte et al. (Stolte et al., 2024) proposed General, Rapid, and Comprehensive

Whole-Head Segmentation (GRACE), a deep learning-based method using a U-Net transformer architecture

to segment 11 tissue classes, including extracranial structures like skin, fat, and muscle. GRACE achieves

rapid segmentation in approximately 3 seconds per T1w MRI volume and excels in handling older adult popu-

lations. However, its reliance solely on T1w imaging limits its ability to distinguish low-contrast tissues, such

as blood vessels and spongy bone, with the same precision as multimodal approaches. Furthermore, GRACE

has limited ability to segment finer brain structures and has been primarily validated on older populations.

For applications requiring detailed segmentation of brain structures, methods specifically designed for

high-resolution neuroanatomical modeling have been developed. Huo et al. (Huo et al., 2019) introduced

SLANT (Spatially Localized Atlas Network Tiles), a deep learning-based framework for whole-brain seg-

mentation. SLANT employs multiple 3D U-Nets to process spatially localized subspaces of the brain, divid-
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ing the MNI atlas space into overlapping tiles. SLANT significantly reduces computational time compared

to multi-atlas segmentation, achieving results in approximately 15 minutes while maintaining high accuracy.

However, its reliance on auxiliary labels derived from multi-atlas segmentation introduces potential biases,

and its performance varies in brain regions with high inter-individual variability.

2.2 Traditional RF Shimming Techniques

One widely used approach to B+
1 field uniformity is RF shimming with an n-element coil array, applied ei-

ther on specific slices or across the entire imaging volume (Mao et al., 2006). In magnitude-only scenarios,

measuring each coil’s B+
1 map for each subject allows for phase and amplitude calibration specific to the scan

setup (Setsompop et al., 2008). Setsompop et al. introduced a Magnitude Least Squares (MLS) optimiza-

tion method for parallel RF excitation at 7 Tesla, leveraging an eight-channel transmit array to improve the

B+
1 magnitude profile. This approach parallels phase retrieval techniques widely applied in other research

fields (Setsompop et al., 2008; Guérin et al., 2014; Kerr et al., 2007).

Further refinements to MLS optimization have been made in subsequent studies to enhance magnetization

uniformity (Grissom et al., 2012; Padormo et al., 2016). However, these methods often require patient pres-

ence during scanner-based computations, significantly extending the time needed for deriving RF shimming

weights (Cao et al., 2016; Kilic et al., 2024). This limitation highlights the need for more efficient approaches

that eliminate the requirement for patient presence during optimization.

2.3 Machine Learning Approaches

Recently, machine learning-based methods have been proposed to address B+
1 inhomogeneity by learning

the mapping from the scanned field to the desired magnetization (Mirfin et al., 2018; Shin et al., 2021;

Ianni et al., 2018). A notable example is the RF Shim Prediction by Iteratively Projected Ridge Regression

(PIPRR) introduced by Ianni et al., which combines training shim designs with interpolation across learned

shims (Ianni et al., 2018). Although effective for slice-by-slice predictions, PIPRR has limitations, such as

long training times, often requiring five days without parallelization across slices.

Another machine learning-based effort employs deep learning to predict B+
1 distributions after within-

slice motion, allowing real-time pulse adjustments and reducing motion-related excitation errors (Plumley

et al., 2022). Furthermore, an unsupervised convolutional neural network (CNN) approach guided by a

physics-driven loss function has been used to minimize discrepancies between Bloch simulation results and

target magnetization (Kilic et al., 2024).
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CHAPTER 3

Methods

3.1 Segmentation

As illustrated in Fig. 3.1, the segmentation process begins with T1-weighted MRI and CT volumes as the in-

put data. Preprocessing involves registering the CT volume, followed by segmentation to delineate the bones

and brain region. For brain tissue segmentation, SLANT (Huo et al., 2019), a framework utilizing multiple

3D U-Net networks, is applied to process spatially localized subspaces of the brain using the T1w MRI vol-

ume. This approach enables highly detailed segmentation into 133 anatomical labels, which are subsequently

mapped to 7 categories—corpus callosum, ventricles, thalamus, gray matter, white matter, brainstem, and

cerebellum—according to the BrainCOLOR protocol (Huo et al., 2016; Asman and Landman, 2014). To en-

hance the segmentation, the open-source software package SimNIBS (Puonti et al., 2020) is used to identify

cerebrospinal fluid (CSF) and extracranial regions, such as muscles and eyes, directly from the T1w MRI

volume while generating high-quality head models. Furthermore, skin and fat are segmented using the pre-

trained deep learning model GRACE (Stolte et al., 2024). The spinal cord is manually added by calculating

overlaps across multiple segmentations. To ensure the accuracy and reliability of the final segmentation,

manual corrections and overlap analyses are performed to seamlessly integrate results from various methods.

Finally, all segmentations are carefully reviewed by a professional, ensuring the highest precision and quality

in the combined segmentation results.

Figure 3.1: The procedures of proposed method. T1w MRI scans are segmented with 3 different method to
obtain tissues. CT scans are registered and segmented to obtain bones. EM simulations are conducted to gain
electric and magnetic fields.
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3.2 EM Simulations

All models and EM simulations are conducted using XFdtd 7.11.0 (Remcom, 2024), a finite-difference time-

domain (FDTD) solver for high-resolution RF field calculations. Figure ?? illustrates the design and layout

of an 8-channel transmit loop array Yan et al. (2014), which serves as the RF excitation source in the simu-

lation. The head model is imported into the simulation environment, and each tissue is assigned its electrical

properties according to the IT’IS Tissue Database Hasgall et al. (2022), as shown in Figure 2C. In the simula-

tion setup, one transmit loop is activated with a 1A current source, while all other loops remain inactive (0A

current) to analyze the transmit field in an isolated condition. The steady-state B+
1 and electric field (E-field)

data are collected at 298 MHz, corresponding to the Larmor frequency for 7T MRI systems.

Figure 3.2: Coil design in EM simulation. (A) The 16-leg bandpass configuration with a 10 mm leg width,
25 mm capacitor spacing, and 200 mm overall coil length. (B) 3D view of the birdcage coil structure. (C)
Integration of the birdcage coil with the head model. TA shield is added outside of the coil. The head model
is positioned within the coil for electromagnetic simulations.

To evaluate the effectiveness of the proposed segmentation strategy, comparative analyzes are performed

between the head models generated by SimNIBS, the proposed method, and the standard Duke model.

• Evaluating how different segmentation methods affect E-field distributions within the head.

• Comparing tissue segmentation and transmit field uniformity between the proposed method and SimNIBS

to assess the anatomical and functional differences in RF simulations.

3.3 Magnitude Least Squares Optimization

MLS optimization specifically aims to minimize the discrepancy between the desired and actual magnitudes

of the B+
1 field within the imaging volume Setsompop et al. (2008). In contrast to methods focusing on phase

or real/imaginary components Roux et al. (1998); Collins et al. (2005), MLS targets the field’s magnitude

alone. The B+
1 contribution of each coil element is typically modeled using electromagnetic simulations, and

the aggregate B+
1 field at any location in the imaging volume is the vector sum of the fields from all coils.

6



Figure 3.3: The procedures of training and prediction of our proposed optimization strategy. The strategy
starts with simulations to get the desired B+

1 as inputs of the Residual Network (ResNet18). Data augmenta-
tion is then applied. Adaptive Moment Estimation Kingma and Ba (2014) is used to calculate the reference
weights of coils as targets in training. Next, predictions are made by applying the testing data into the trained
DL model. finally, an optional post-processing step with the NFD is designed to classify non-uniform and
uniform output fields.

After modeling, the optimization problem is formulated as Setsompop et al. (2008); Zheng et al. (2012):

b(t) = argmin
b

{
∥|Ab|−m∥2

w +λ ∥b∥2
}

(3.1)

where A is the matrix of B+
1 field values for each coil at every spatial location, b denotes the coil weight vector

to be determined, m represents the desired magnetic field map, w is a mask defining the region of interest,

and λ is the regularization term balancing RF power and excitation errors Zheng et al. (2012).

3.4 Quadrature Mode and Random Initialization

Both the random-initialized Adaptive Moment Estimation and the MLS compression approach begin with

coil elements arranged in a quadrature configuration, following the simulation setup illustrated in Fig.??.

The eight RF coils, each angled at 45 degrees around the subject Ibrahim et al. (2005), serve as the baseline

arrangement for optimization.

Since our data are derived from practical EM simulation results, it is not feasible to obtain precise ground-

truth values for the RF shimming weights. Therefore, best-performing weights from Adaptive Moment Esti-

mation algorithm Kingma and Ba (2014) were chosen and used as near-truth upper bounds for training. The

performance and convergence of Adam are strongly influenced by random initialization, as emphasized by

Kingma and Ba, who noted its impact on early optimization dynamics Kingma and Ba (2014), and Reddi

et al., who highlighted that improper initialization can lead to poor generalization or divergence Reddi et al.

(2018). To enhance the likelihood of finding an optimal solution, we employ random initialization within

Adaptive Moment Estimation when deriving the reference RF shimming weights. Specifically, 300 randomly

7



generated weight vectors are utilized for the coils, minimizing the risk of converging to local minima.

3.5 Data for Optimization

Electromagnetic simulations were conducted to get 64 volumes of 8-channel B+
1 magnetic fields with different

scale sizes, each with dimensions 101×101×71×8. Additionally, the mass density data for the 64 head models

was included.

To prepare the B+
1 fields for analysis, several pre-processing steps were applied. For each head model,

we reviewed the 71 slices and selected 32 valid cases to exclude simulation errors. Binary masks were then

generated based on the mass density map of each subject, preserving regions of interest (e.g., skull and brain)

while excluding surrounding air. Data augmentation techniques, such as rotation, were applied to increase

the size of the data set, eventually producing 24576 masked B+
1 slices for further use.

The B+
1 fields for each channel were configured in quadrature mode. During each experimental fold, the

weights for training were derived using adaptive moment estimation to minimize the loss defined in Eq. 3.1.

Random initial weights were used to ensure diverse starting points for optimization, and the best performing

weights were selected as training close-to-truth upper bounds. For comparison, a single MLS optimization

was performed for each sample in every fold. The weights obtained through MLS served as a benchmark for

the numerical evaluation, providing a contrast for assessing the proposed approach.

3.6 Networks, Training, and Testing

ResNet18 He et al. (2016) was used to predict RF coil weights from B+
1 maps by learning the mapping

between the input data and the upper bound weights. The architecture uses an input size of 101×101×32

and produces an output of 32 weights. It starts with an initial convolutional layer, followed by four stages of

residual blocks.

Each stage consists of two BasicBlocks, where each block includes two 3×3 convolutional layers, batch

normalization, and ReLU activation. The feature map sizes are 64, 128, 256, and 512, doubling at each stage.

Downsampling is achieved through a two-step pattern in the first block of each stage, using 1×1 convolutions

to match dimensions. The final layers involve adaptive average pooling to a 1×1 output, followed by a fully

connected layer that maps to 32 output classes, ensuring effective gradient propagation and robust training.

During training, the loss function is defined as the mean square error between the predicted and reference

RMSE:

RMSE =

√
∥|Ab|−m∥2

w
Nvoxel

(3.2)
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loss =
1

Nslice

Nslice

∑
i=1

{∣∣∣RMSEpred
(i)−RMSEref

(i)
∣∣∣} (3.3)

where RMSE is calculated from Eq. 3.1, Nvoxel is the number of voxels in the current slice, RMSEpred
(i) is the

RMSE calculated from predicted weights on the ith slice, RMSEref
(i) is the RMSE calculated from reference

weights and Nslice is the number of slices.

The entire dataset was randomly divided into training, validation, and testing subsets in an 8:1:1 ratio,

with a batch size of 16. To ensure robustness and minimize the impact of random variations, the dataset sepa-

ration and experimental process (training and testing) were repeated five times. Adaptive Moment Estimation

(Adam) Kingma and Ba (2014) was used as the optimizer, with an initial learning rate of 10−3 that decayed

by 50% every 50 epochs, over a total of 200 epochs. All training and testing were performed using PyTorch

on a NVIDIA GeForce RTX A6000 GPU with CUDA 12.3.

3.7 Post-processing with NFD (Optional)

To address the limitations of relying solely on RMSE for To overcome the limitations of relying solely on

RMSE for optimization, we introduce NFD, an optional post-processing step inspired by DCGANS Good-

fellow et al. (2014); Radford et al. (2015) to detect and penalize non-uniform artifacts in the output fields.

These artifacts, representing undesirable anomalies in the output, can persist even when RMSE values appear

acceptable, ultimately compromising the quality of the final results.

Uniform and non-uniform cases were derived using the MLS method for NFD training. To generate these

cases, we first computed the RF shimming weights using MLS optimization. For uniform cases, the |B+
1 |

maps from all eight channels were visually verified to confirm the absence of artifacts. For non-uniform

cases, we manually selected instances where |B+
1 | maps exhibited significant artifacts or voids, indicative of

non-uniform anomalies. After this selection process, we finalized a dataset containing 384×64 uniform slices

and 384×64 non-uniform slices, ensuring a balanced and representative dataset for effective NFD training.

During training, the NFD learns to differentiate non-uniform fields from the uniform ones, identifying

subtle non-uniform anomalies.

For testing the performance of NFD, a set of previously unseen non-uniform and uniform cases (3840 non-

uniform cases and 4992 uniform cases), along with their corresponding ground truth labels, were provided

as input to the trained NFD. The model’s classification predictions were evaluated by comparing them to the

true labels, allowing for an assessment of its accuracy and effectiveness in distinguishing between the two

categories.
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CHAPTER 4

Results

4.1 Segmentation Results

Figure 4.1A shows one segmented head with 14 labels by proposed method in axial, sagittal and coronal

planes. The tissues are labeled in different legends on the right. The proposed method enables a more precise

division in the brain region and gains more convincing bone segmentationby combining results from both

MRI and CT. Figure 4.1B illustrates the meshed models of different tissues in XFdtd with spatial steps of

1mm*1mm*1mm.

Figure 4.1: (A) One segmented head with 14 labels by proposed method in axial, sagittal and coronal planes.
(B) The constructed and meshed models of different tissues in XFdtd, in spatial steps of 1mm*1mm*1mm.

Figure 4.2: Heads segmentations and magnitude of electric field (E) by SimNIBS with MRI and proposed
method with MRI & CT at the same slice in axial and sagittal planes. Similar positions for segmentation and
EM simulation are chosen with standard duke model for a comparison.
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Figure 4.3: Four chosen heads using SimNIBS and proposed method for segmentation. Within each head,
EM simulations are conducted; the B+

1 maps are calculated and plotted by log10(|B+
1 | ∗ 106) to compare the

homogeneity; the differences of B+
1 map are calculated between heads by SimNIBS and proposed method.

4.2 Simulation Results

Fig. 4.2 compares the electric field under the same coil layout produced by SimNIBS model, proposed

method’s model and standard Duke model. The magnitudes of the electric field of SimNIB model and the

model of the proposed method are plotted in the same axial and sagittal plane for comparison. Similar

positions for segmentation and EM simulation are chosen with the standard duke model. The model with

the proposed method performs a precise electric difference in the bone and fat regions, which shows a better

alignment with Duke model compared to the SimNIBS model.

In context of transmit field (B+
1 ) map, Fig. 4.3 includes 4 chosen heads using SimNIBS and proposed

method for segmentation. Within each head, EM simulations are conducted; the maps are calculated and

plotted by log10(|B+
1 | ∗106). The models by the proposed method differ from SimNIBS in the muscle and fat

region due to more precise segmentation. The homogeneity of the transmit fields is improved in the back of

the head.

4.3 RF Shimming Prediction Analysis

The performance of the proposed deep learning-based optimization strategy was compared with the tradi-

tional MLS method across five folds using different dataset splits. The evaluation focused on Mean RMSE,

runtime per volume, and their respective distributions, as shown in Tab. 4.1 and Fig. 4.4. We defined 200

slices as a test volume for runtime calculation, based on the Magnetization-Prepared Rapid Gradient-Echo

(MPRAGE) sequence Mugler and Brookeman (1990), which recommends this configuration for comprehen-
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sive and high-resolution imaging.

Figure 4.4: The RMSE results [% of target FA] of the upper bound, MLS method and proposed method
are illustrated using box plots and violin plots. Five folds of testing results are drawn independently in five
groups in the figure. Illustrated by ∗, a significant difference with p < 0.001 is ensured.

Mean RMSE [% of Target FA] Runtime(200 slices per volume)
Fold Upper Bound MLS Proposed Upper Bound MLS Proposed

1 8.5674 9.9176 9.0406 ∼3 (h) 12.3927 (min) 0.1391 (s)
2 8.5640 9.8579 9.0365 ∼3 (h) 13.7560 (min) 0.1386 (s)
3 8.5201 9.8505 8.9969 ∼3 (h) 13.6140 (min) 0.1380 (s)
4 8.5052 9.7818 9.0075 ∼3 (h) 15.0277 (min) 0.1393 (s)
5 8.5455 9.8719 9.0071 ∼3 (h) 11.2699 (min) 0.1385 (s)

Table 4.1: Comparison of metrics between the MLS method and the proposed approach together with upper
bounds gained from Adam. In each fold, both methods were evaluated on the same dataset with identical
splits. The Mean RMSEs were computed and expressed as [% of Target FA], where a lower RMSE indicates
better homogeneity. Runtime was measured for the same tasks, and the average runtime for 200 slices was
calculated based on the MPRAGE sequence.

The proposed deep learning-based optimization strategy demonstrates substantial advantages over the

traditional MLS method in both accuracy and runtime. As shown in Tab. 4.1, the proposed method consis-

tently achieves lower Mean RMSE values across all five folds, ranging from 9.0365 to 9.0406 [% of Target

FA], compared to the MLS method’s range of 9.8505 to 9.8719 [% of Target FA]. This reduction in RMSE

indicates improved magnetic field homogeneity, which is crucial for high-quality imaging in UHF MRI.

The runtime analysis further highlights the efficiency of the proposed approach. The MLS method re-

quires an average of 12 to 15 minutes per volume (200 slices), while the proposed method processes the same

volume in approximately 0.139 seconds. This dramatic improvement in computational efficiency makes the

proposed method suitable for real-time and large-scale applications, overcoming a major limitation of tradi-

tional optimization methods. Moreover, the narrow interquartile ranges in the RMSE distributions (Fig. 4.4)
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suggest that the proposed method is not only more accurate but also more robust across different folds and

dataset splits.

4.4 Post-processing Evaluation

The performance of the optional post-processing step in classifying non-uniform and uniform cases is sum-

marized in Fig. 4.5. The evaluation was conducted using a test set of previously unseen fields, and the

classification results are presented as a table and confusion matrix.

The post-processing step, incorporating the NFD, adds a crucial layer to address non-uniform artifacts

that may persist despite acceptable RMSE values. These artifacts, which compromise the quality of the

output fields, require explicit detection and penalization to ensure clinically useful results.

The classification performance of the NFD is summarized in Fig. 4.5. It achieves a high classification

accuracy of 99.77% for non-uniform cases and 99.66% for uniform cases, with mean confidence scores of

0.0107 and 0.9977, respectively. This demonstrates the NFD’s robustness in differentiating between non-

uniform and uniform outputs, ensuring its reliability in identifying and penalizing undesirable anomalies.

Label Mean Confidence Accuracy (%)
Non-uniform fields 0.0107 99.7656

Uniform fields 0.9977 99.6595

Figure 4.5: (Left) The top section illustrates the classification performance of the NFD for non-uniform and
uniform cases, while the bottom displays examples of the corresponding output fields. The table shows the
mean confidence scores and accuracy percentages for each group. (Right) The confusion matrix visualizes
the frequency of predictions for non-uniform and uniform cases.

The inclusion of the NFD would enhance the overall optimization process. While RMSE provides a

quantitative measure of magnetic field homogeneity, it alone cannot guarantee the absence of non-uniform

artifacts. The NFD addresses this limitation by offering an additional evaluation metric and refining the

optimization process to ensure that final outputs meet both quantitative and qualitative standards. This op-

tional step bolsters the framework’s ability to produce artifact-free results suitable for clinical use and further

improves the reliability of RF shimming weights in real-world applications.
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CHAPTER 5

Conclusion

The combined ultilization of T1w MRI and CT scans in proposed method enables more precise segmentation

in human head regions. The enhanced segmentation makes human head modeling more comprehensive

and can provide more realistic EM simulation to optimize coil design before physical prototypes are built.

Moreover, accurate head models by the proposed method allow engineers to account for variations in tissue

types and shapes within the head. This precision improves the coil’s ability to produce a homogeneous

magnetic field, reducing signal variations across the brain.

The proposed Fast-RF-shimming framework offers a transformative solution to RF shimming in UHF

MRI, addressing challenges in both accuracy and efficiency. By integrating adaptive optimization, a ResNet-

based architecture and an option post-processing step, the method outperforms traditional MLS optimization,

achieving lower RMSE values, faster runtimes, and effective artifact mitigation. These advancements demon-

strate its potential for enhancing real-time shimming workflows and improving diagnostic imaging quality in

ultra-high-field MRI.

Future directions include adapting the framework to different magnetic field strengths, such as 3T, 9.4T,

and 10.5T, and validating its scalability across diverse MRI systems. Expanding its capabilities to account for

dynamic scenarios, such as patient motion, and incorporating specific absorption rate (SAR) constraints will

further enhance its applicability. With its demonstrated efficiency, robustness, and adaptability, the proposed

method represents a significant step forward in optimizing MRI performance for both clinical and research

applications.
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