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Meta-Learning Guided Pelvis MR to CT Translation: Addressing Cross-Modality Misalignments
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Synopsis

Motivation: In radiation therapy planning, both MR and CT are essential, but there is a potential risk of radiation exposure from CT. To address this problem, MR to CT translation could be
an important solution.

Goal(s): In cross-modality translations like MR to CT, misalignment is significant challenge. The goal is to develop a method that can effectively learn to handle this misalignment.
Approach: We propose a method that utilizes meta-learning to focus on reliable regions and employs loss functions and network suited for misalignment.
Results: Our method surpassed existing GAN-based methods in quantitative evaluations, particularly in the reconstruction of bone structures.

Impact: It can be seen that meta-learning can be effectively applied to the problem of misalignment. This can aid in preserving fine details and bone structures in MR to CT translation. It is
also broadly applicable to cross-modality translation.

Introduction

MRI and CT imaging are widely used in radiation therapy planning’. Although obtaining both types of data is part of the standard clinical workflow, it can be time-consuming and costly,
with the additional concern of potential harm from CT radiation exposure. To reduce these problems, MR to CT translation can be an important solution for MR-only treatment planning?.
In cross-modality tasks like MR to CT translation, registration plays a critical role, especially in the pelvis where abdominal movement due to breathing can cause serious misalignment>. To
address this challenge, two types of registration methods are utilized: linear and nonlinear. Nonlinear methods (e.g., B-spline, SyN, and Deformable) are proactive in registration but often
lead to blurring because of interpolation®. In contrast, linear methods (e.g., rigid, affine) may have lower registration performance but almost never cause blurring. We present a learning
approach that is more robust under the conditions of linear registration, which is typically more prone to misalignment.

Methods

1. Meta-learning-based Re-weighting®

Meta-learning reweighting addresses misalignment between source and target by focusing on reliable instances. This process starts by selecting a well-registered dataset as the validation
set, then updates the weight map for each training set to enhance translation accuracy on the validation set. We define (z, y) as the source-target pair and {(z;,¥;),1 < ¢ < N} as the

training set. A well-registered validation set is assumed to be {(zf, y;’) , 1< < M} and M < N. And define (r, m) as the count of mini-batches for training and validation,

respectively.
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The auxiliary variable € is utilized to update the weights for the corresponding mini-batch within the training dataset.
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The gradient of €; ; is estimated through the loss of a single validation mini-batch, as computing across the entire validation data would be computationally inefficient. The learning step is
indicated by . The term u; ; reflects the direction of the update for €; ; in a single gradient descent step.
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Weight updates are only performed when, u; ; is positive, and normalization is achieved by the total weight sum of its mini-batch. Ultimately, w; ; represents the spatial weight map for
the training data, and by incorporating it into Equation 1 in place of €;, the network is guided to focus on the more reliable regions.

2. Contextual Loss®
The Contextual Loss assesses the similarity of images @ and y by computing the average of the closest feature matches across their deep feature maps, which is particularly beneficial in
situations of misalignment.
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The symbol ®(-) denotes the feature maps from a pre-trained VGG-19 network, specifically from specific layers. Here, I is the cosine similarity measuring the minimum distance between
feature j of image « and all features of image y.

3. Implementation detail
We adopted the generator and discriminator architecture from PGAN’, training our model on single-slice images cropped to (320,192). Optimization was performed over 100 epochs using
a batch size of 6 for training and 32 for meta-validation.

Datasets

We utilized the SynthRAD2023 dataset from the Grand Challenge, comprising pelvis MR and CT pairs. Data was collected from three different centers. The MRI protocol was a T1w imaging.
For meta-learning, the top 11% of cases with the highest mutual information between MR and CT images were allocated for validation. All data were provided post-rigid registration, and
no further registration was performed.

Results

We compared our approach with existing GAN-based supervised learning techniques (PGAN[7], REG-PGAN[7,8], CTX-PGAN[6,7]), all of which are tasked with translating MR to CT on the
Pelvis. Fig 3 contains a quantitative evaluation and a comparison of the result images for each model. The proposed method showed better results for finer details and bones. Fig 4
presents the result of visualizing the bone structure by 3D rendering, which is done by stacking the generated 2D CT data on the slice dimension. The proposed method shows exceptional
results in preserving the bone structure.
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Discussion and Conclusion

We propose a method to address the issue of misalignment in Cross-Modality Translation. Our method demonstrated superior performance in translating bone structures and clearly
defined features compared to existing methods. However, there are limitations for areas where features are not distinct, such as in internal organ regions, and where misalignment is
particularly severe. Minimizing blur with non-linear registration and network refinement will be the direction of future research.
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Figure 1. (a) Definition of the problem of MR to CT misalignment and the setting of labeling. (b) An illustrative overview of the network architecture. (c) A simplified visualization of the
meta-learning reweighting process.
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Figure 2. (a) This graph depicts the computation process where weights for each mini-batch are determined and applied to update the network parameters. (b) This shows a color map
overlay on the target data (CT) for a specific epoch, where regions with weights closer to 1 are more heavily weighted in the loss calculation. (c) A sequence of images illustrating how the
weights change over epochs, with a focus on progressively emphasizing the more reliable regions of the data.
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Figure 3. (a) A comparison of the experimental outputs from each model. The red arrows indicate the locations where the bone areas have not been properly translated. (b) The
performance of each model is quantitatively compared using the PSNR, SSIM, and LPIPS metrics.
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Figure 4. Results of 3D rendering after stacking synthesized 2D CT slices in the slice dimension. A threshold was set during the rendering process to visualize the bone structure. The red
arrows indicate areas where the bone synthesis failed during the MR to CT translation.
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