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Abstract

Diffusion-MRI-based white matter (WM) tract segmentation plays an important role in
analyzing WM characteristics in healthy and diseased brains. The uncommon (novel) tract
segmentation is important to the success of clinical brain operation and the reduction of
postoperative complications. The massive WM tract annotations are time-consuming and
need experienced neuroanatomists. Novel tract segmentation using only one annotated scan
alleviates the above problems but is challenging. Existing fine-tuning-based studies achieve
promising results but suffer from the feature overlap problem. In the work, we propose an
uncertainty-distillation- and voxel-contrast-based one-shot novel WM tract segmentation
framework, which includes an uncertainty distillation module to transfer semantic segmen-
tation knowledge from base tracts to novel tracts and a voxel-wise multi-label contrastive
module to adjust the feature embedding space so as to alleviate the feature overlap problem.
We compare our method with several state-of-the-art (SOTA) methods that are designed to
predict novel tract segmentation. The experimental results demonstrate that our method
improves the one-shot segmentation accuracy of novel tracts in five experimental settings.
Keywords: Diffusion MRI, White Matter Tract Segmentation, Uncertainty-Distillation,
Contrastive Learning.

1. Introduction

Diffusion Magnetic Resonance Imaging (dMRI) based WM tract segmentation is impor-
tant in analyzing WM characteristics in healthy and diseased brains (Zhang et al., 2020,
2022). However, the current analysis is restricted by the number of tracts available from the
segmentation. Although some common tracts (base tracts, e.g., corticospinal tract) have
available annotations, many other uncommon tracts (novel tracts, e.g., superficial tracts)
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do not have sufficient annotations in clinical practice. To reduce the use of tract anno-
tations, fine-tuning-based semi-supervised studies transfer semantic knowledge from base
tracts to novel tracts to improve few-shot novel tract segmentation accuracy (Lu et al.,
2021; Liu et al., 2022; Lu et al., 2022). However, there may be a feature overlap problem
(Song et al., 2023) between base tracts and novel tracts in the feature embedding space,
which will reduce the segmentation performance of novel tracts. Single-label pixel-contrast
semantic segmentation method (Wang et al., 2021) achieves promising results but cannot
be introduced to WM tract segmentation, which is a multi-label voxel-wise classification
task (a voxel can be classified into different tracts because tract fibers may cross or overlap
together).

To this end, we propose an uncertainty-distillation- and voxel-contrast-based framework
for one-shot novel tract segmentation (Figure 1), which includes an uncertainty distillation
module and a voxel-wise multi-label contrastive module. In the uncertainty distillation
module, the base tract segmentation knowledge is transferred from the teacher model to
the student model. To alleviate the feature overlap problem, we design a multi-label voxel-
contrast module that pulls or pushes the pair of voxels according to their label similarity to
adjust the feature embedding space. We compare our proposed method with several SOTA
methods on the HCP dataset. Experimental results in five experimental settings prove that
our proposed method improves the one-shot segmentation accuracy of novel tracts.
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Figure 1: The overview of our proposed method.

2. Methods and Experiments

Uncertainty Distillation Module. First, the teacher model trained with only base tract
labels is frozen and the LwF initialization (Li and Hoiem, 2017) is adopted to transfer the
existing base tract segmentation knowledge into the student model. Second, uncertainty
loss (Xu et al., 2023) is utilized to improve the distillation performance by filtering out
voxels that are not trustworthy. The uncertainty distillation loss is the dot product of
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the uncertainty map and the cross-entropy loss of the teacher model and base outputs of
the student model. The segmentation loss is the cross-entropy loss of novel outputs of the
student model and multi-labels.

Voxel-wise Multi-label Contrastive Module. We insert a project head into the student
model for the voxel-wise feature embeddings and adjust the distance between the embedding
of voxel pairs. Then, we pull the positive pairs closer and push the negative pairs further. We
identify positive/negative pairs by normalized voxel-label similarity and normalized voxel-
level feature distance. A voxel pair is defined as a negative pair if its feature distance is too
close relative to the voxel label similarity, and as a positive pair if the feature distance is too
far relative to the voxel label similarity. Set the voxel embedding be z and its corresponding
voxel-level multi-label be §. Set Cpy = g)g - Jq is the label similarity of a voxel-pair and
g(p) ={klk € 1,2,...,m +n,k # p} is a set of voxels except for the voxel p. The voxel-wise
multi-label contrastive loss Ly, is as follow:

e*d(zpvzq)/T

(1)

pq — __
Lo = —fpqlog e—Uzp,2k) /T

Zkeg(p)
where the dynamic coefficient 8, = X:C% is the normalization of Cp,, d(-,-) is the
keg(p) ~Pk
Euclidean distance, and 7 is a hyperparameter.
WM Tract Dataset and Hyperparameters. We use the dataset from (Wasserthal
et al., 2018), which contains 85 subjects (base training: novel training: testing = 63:1:21)
from the Human Connectome Project (HCP) (Van Essen et al., 2013). Each subject has
72 tract annotations, which been divided into base and novel tracts in the ratio of 5:1, 2:1,
1:1, 1:2, and 1:5. We use the multi-shell multi-tissue constrained spherical deconvolution
(CSD) method (Tournier et al., 2007) with all gradient directions for transforming dMRI
data to fiber orientation distribution function (fODF) peak data. Hyperparameter \ is 1
and 7 is 1.
Quantitative Evaluation. As shown in Table 1, the comparison and ablation experiments
on five settings demonstrate the superiority of our proposed framework.

Table 1: Quantitative comparisons for one-shot novel tracts on the test set.

Method Dice Score (%)
Base: Novel = 5:1 Base: Novel = 2:1 Base: Novel = 1:1 Base: Novel = 1:2  Base: Novel = 1:5
TractSeg(Wasserthal et al., 2018) 0.48+0.76 3.16+11.9 1.86+9.55 1.87+8.95 1.40+7.57
VoxelMorph(Balakrishnan et al., 2019) 59.43+£7.45 59.2246.40 59.5245.70 57.75+8.46 59.17+8.19
Comparison CFT(Lu et al., 2022) 63.90+14.68 54.704+19.28 58.22+18.84 50.374+23.70 51.29427.12
IFT(Lu et al., 2022) 77.21+4.51 67.42415.55 59.55419.54 24.114+18.73 14.81+£18.80
TractSeg-LE(Liu et al., 2022) 48.54+10.87 48.72+18.19 57.71+14.81 47.84420.44 44.42419.39
Ablation Study Seg + Dis 77.6845.18 74.134+5.58 72.334+7.98 69.734+17.64 69.264+17.73
- Seg + Dis + CL (Ours) 78.24+4.97 75.341+4.80 74.98+5.77 71.03+16.01 70.544+16.11

3. Conclusion

In this work, we propose an uncertainty-distillation- and voxel-contrast-based framework
for one-shot tract segmentation. Comparison and ablation experiments in multiple exper-
imental settings demonstrate the effectiveness of our proposed method. Our framework
can be particularly valuable for studies with scarce tract labels (e.g., superficial white mat-
ter) or studies where high-quality annotations are difficult and expensive to obtain (e.g.,
high-resolution dMRI data).



XU XUE Liu ZHANG WESTIN KIKINIS O’DONNELL CAI

References

Guha Balakrishnan, Amy Zhao, Mert R Sabuncu, John Guttag, and Adrian V Dalca.
VoxelMorph: A learning framework for deformable medical image registration. IFEE
Trans. Med. Imaging, 2019.

Zhizhong Li and Derek Hoiem. Learning without forgetting. IEEFE transactions on pattern
analysis and machine intelligence, 40(12):2935-2947, 2017.

Wan Liu, Qi Lu, Zhizheng Zhuo, Yuxing Li, Yunyun Duan, Pinnan Yu, Liying Qu, Chuyang
Ye, and Yaou Liu. Volumetric segmentation of white matter tracts with label embedding.
Neuroimage, 250:118934, 2022.

Qi Lu, Yuxing Li, and Chuyang Ye. Volumetric white matter tract segmentation with
nested self-supervised learning using sequential pretext tasks. Med. Image Anal., 72:
102094, 2021.

Qi Lu, Wan Liu, Zhizheng Zhuo, Yuxing Li, Yunyun Duan, Pinnan Yu, Liying Qu, Chuyang
Ye, and Yaou Liu. A transfer learning approach to few-shot segmentation of novel white
matter tracts. Med. Image Anal., 79:102454, 2022.

Zeyin Song, Yifan Zhao, Yujun Shi, Peixi Peng, Li Yuan, and Yonghong Tian. Learning
with fantasy: Semantic-aware virtual contrastive constraint for few-shot class-incremental
learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 24183-24192, 2023.

J-Donald Tournier, Fernando Calamante, and Alan Connelly. Robust determination of the
fibre orientation distribution in diffusion MRI: Non-negativity constrained super-resolved
spherical deconvolution. NeuroImage, 35(4):1459-1472, 2007.

David C Van Essen, Stephen M Smith, Deanna M Barch, Timothy E J Behrens, Essa
Yacoub, Kamil Ugurbil, and WU-Minn HCP Consortium. The WU-Minn human con-
nectome project: an overview. Neuroimage, 80:62-79, 2013.

Wenguan Wang, Tianfei Zhou, Fisher Yu, Jifeng Dai, Ender Konukoglu, and Luc Van Gool.
Exploring cross-image pixel contrast for semantic segmentation. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, pages 7303-7313, 2021.

Jakob Wasserthal, Peter Neher, and Klaus H Maier-Hein. TractSeg - fast and accurate
white matter tract segmentation. Neuroimage, 183:239-253, 2018.

Hao Xu, Tengfei Xue, Dongnan Liu, Fan Zhang, Carl-Fredrik Westin, Ron Kikinis, Lau-
ren J O’Donnell, and Weidong Cai. A registration-and uncertainty-based framework for
white matter tract segmentation with only one annotated subject. In 2023 IEEE 20th
International Symposium on Biomedical Imaging (ISBI), pages 1-5. IEEE, 2023.

Fan Zhang, Suheyla Cetin Karayumak, Nico Hoffmann, Yogesh Rathi, Alexandra J Golby,
and Lauren J O’Donnell. Deep white matter analysis (DeepWMA): Fast and consistent
tractography segmentation. Med. Image Anal., 65:101761, 2020.



ONE-SHOT SEGMENTATION OF NOVEL TRACTS

Fan Zhang, Alessandro Daducci, Yong He, Simona Schiavi, Caio Seguin, Robert E Smith,
Chun-Hung Yeh, Tengda Zhao, and Lauren J O’Donnell. Quantitative mapping of the
brain’s structural connectivity using diffusion MRI tractography: A review. Neurolmage,
249:118870, 2022.



	Introduction
	Methods and Experiments
	Conclusion

