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Abstract. Brain segmentation of patients with severe traumatic brain
injuries (sTBI) is essential for clinical treatment, but fully-supervised
segmentation is limited by the lack of annotated data. One-shot seg-
mentation based on learned transformations (OSSLT) has emerged as
a powerful tool to overcome the limitations of insufficient training sam-
ples, which involves learning spatial and appearance transformations to
perform data augmentation, and learning segmentation with augmented
images. However, current practices face challenges in the limited diver-
sity of augmented samples and the potential label error introduced by
learned transformations. In this paper, we propose a novel one-shot trau-
matic brain segmentation method that surpasses these limitations by
adversarial training and uncertainty rectification. The proposed method
challenges the segmentation by adversarial disturbance of augmented
samples to improve both the diversity of augmented data and the ro-
bustness of segmentation. Furthermore, potential label error introduced
by learned transformations is rectified according to the uncertainty in
segmentation. We validate the proposed method by the one-shot seg-
mentation of consciousness-related brain regions in traumatic brain MR
scans. Experimental results demonstrate that our proposed method has
surpassed state-of-the-art alternatives. Code is available at this URLL

Keywords: One-Shot Segmentation - Adversarial Training - Traumatic
Brain Injury - Uncertainty Rectification.

1 Introduction

Automatic brain ROI segmentation for magnetic resonance images (MRI) of se-
vere traumatic brain injuries (sTBI) patients is crucial in brain damage assess-
ment and brain network analysis [811], since manual labeling is time-consuming
and labor-intensive. However, conventional brain segmentation pipelines, such as
FSL [14] and FreeSurfer [4], suffer significant performance deteriorations due to
skull deformation and lesion erosions in traumatic brains. Although automatic
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segmentation based on deep learning has shown promises in accurate segmen-
tation |10/12], these methods are still constrained by the scarcity of annotated
sTBI scans. Thus, researches on traumatic brain segmentation under insufficient
annotations needs further exploration.

Recently, one-shot medical image segmentation based on learned transforma-
tions (OSSLT) has shown great potential [3l/17] to deal with label scarcity. These
methods typically utilize deformable image registration to learn spatial and ap-
pearance transformations and perform data augmentation on the single labeled
image to train the segmentation, which is shown in Fig. a). Given a labeled
image as the atlas, two unlabeled images are provided as spatial and appearance
references. Appearance transform and spatial transform learned by deformable
registration are applied to the atlas image to generate a pseudo-labeled image
to train the segmentation, and the label warped by spatial transform serves as
the ground-truth. In this way, the data diversity is ensured by a large amount
of unlabeled data, and the segmentation is learned by abundant pseudo images.

However, despite the previous success, the generalization ability of these
methods is challenged by two issues in traumatic brain segmentation: 1) Lim-
ited diversity of generated data due to the amount of available unlabeled images.
Although several studies [6,[7] have proposed transformation sampling to intro-
duce extra diversity for alleviating this issue, their strategies rely on a manual-
designed distribution, which is not learnable and limits the capacity of data
augmentation. 2) The assumption that appearance transforms in atlas augmen-
tation do not affect semantic labels in the images |6,[17]. However, this assump-
tion neglects the presence of abnormalities in traumatic brains, such as brain
edema, herniation, and erosions, which affect the appearance of brain tissues
and introduce label errors.

To address the aforementioned issues, we propose a novel one-shot traumatic
brain segmentation method that leverages adversarial training and uncertainty
rectification. We introduce an adversarial training strategy that improves both
the diversity of generated data and the robustness of segmentation, and incor-
porate an uncertainty rectification strategy that mitigates potential label errors
in generated samples. We also quantify the segmentation difference of the same
image with and without the appearance transform, which is used to estimate the
uncertainty of segmentation and rectify the segmentation results accordingly.

The main contributions of our method are summarized as follows: First, we
develop an adversarial training strategy to enhance the capacity of data augmen-
tation, which brings better data diversity and segmentation robustness. Second,
we notice the potential label error introduced by appearance transform in cur-
rent one-shot segmentation attempts, and introduce uncertainty rectification for
compensation. Finally, we evaluate the proposed method on brain segmenta-
tion of sTBI patients, where our method outperforms current state-of-the-art
methods.
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Fig.1. An illustration of one-shot segmentation based on learned transformations
(OSSLT). Compared with previous methods, we aim to use adversarial training and
uncertainty rectification to address the current challenges in OSSLT.

2 Method

2.1 Overview of One-Shot Medical Image Segmentation

After training the unsupervised deformable registration, one-shot medical image
segmentation based on learned transformations typically consists of two steps: 1)
Data augmentation on the atlas image by learned transformations; 2) Training
the segmentation using the augmented images. The basic workflow is shown in
Fig. [[f(a). Specifically, given a labeled image x4 as the atlas and its semantic
labels y 4, two reference images, including the spatial reference x; and appearance
reference x,, are provided to augment the atlas by spatial transform ¢ and
appearance transform 1 that are calculated by the same pretrained registration
network.

For spatial transform, given an atlas image x4 and a spatial reference x,
the registration network performs the deformable registration between them and
predicts a deformation field ¢, which is used as the spatial transform to augment
the atlas image spatially. For appearance transform, given an atlas image x 4 and
an appearance reference z,, we warp z,, to x4 via an inverse registration ¢, and
generates a inverse-warped ¥, = x,0¢,,, and appearance transform ¢ = 7, —x 4
is calculated by the residual of inverse-warped appearance reference x, and the
atlas image x 4. It should be noted that the registration here is diffeomorphic to
allow for inverse registration.

After acquiring both the spatial and appearance transform, the augmented
atlas ©, = (x4 + ) o ¢ is generated by applying both transformations. The
corresponding ground-truth y, = ya o ¢ is the atlas label warped by ¢, as it is
hypothesized that appearance transform does not alter the semantic labels in
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Fig. 2. Framework of adversarial training, which includes adversarial transform sam-
pling, adversarial image generation and segmentation difference calculation.

the atlas image. During segmentation training, a large amount of spatial and
appearance reference images are sampled to ensure the diversity of x4, and the
segmentation is trained with generated pairs of x4, and y,.

In this work, we focus on both of the two steps in OSSLT by adversarial
training and uncertainty rectification, which is shown in Fig. b). Specifically,
we generate an adversarial image x,4 along with x4, by adversarial training to
learn better data augmentation for the atlas image, and uncertainty rectification
is utilized during segmentation learning to bypass the potential label errors intro-
duced by appearance transforms. We discuss our proposed adversarial training
and uncertainty rectification in Sec. 2.2 and Sec. 23] respectively.

2.2 Adversarial Training

Although the diversity of generated pairs of x, and y, is ensured by the increased
number of unlabeled images as references, such a setting requires a large amount
of unlabeled data. Inspired by E', we adopt the adversarial training strategy
to increase both the data diversity and the segmentation robustness, which is
shown in Fig. |2l Given a learned spatial transform ¢, appearance transform 1,
and a generated image r, augmented by ¢ and v, our adversarial training is
decomposed into the following 3 steps:

First, we feed x, into the adversarial network and generate two sampling
layers « and S activated by Sigmoid function. The sampling layers a and 3 have
the same spatial shape with ¢ and 1 respectively, and each location in the sam-
pling layers represents the sampling amplitude of the original transform, ranging
from 0 to 1. In this way, the diversity of spatial and appearance transforms is
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significantly improved by the infinite possibilities of sampling layers:

¢a=¢><a,¢a=1/)><5 (1)

Second, by applying the sampled transformations ¢, and 1, to the atlas
x4, we acquire an adversarial generated image x,4,. We expect x,4 to add extra
diversity of data augmentation and maintain realistic as well:

Tag = (xA + %) o (Z)a (2)

Finally, both the original generated image x4, and the adversarial generated
image x4 are fed to the segmentation network, and the training objective is the
min-max game of the adversarial network and the segmentation network. Thus,
we ensure the diversity of generation and robustness of segmentation simultane-
ously by adversarial training:

min max Lqqu(Jg, Ja 3
9(::0n) f(+304) ¢ (yg Y g> )

— gg ) ?jag ( 4)
” gg ||2 ' || Z‘)ag ||2

where f(-;04) and g(-;05) denote the adversarial network and the segmentation

network, respectively. §, and ., are the segmentation predictions of x4 and .

It should be noted that since the spatial transformation applied to x4 and x4 is

different, the loss calculation is performed in atlas space by inverse registration.

Ladv @ga Qag)

2.3 Uncertainty Rectification

Most of the current methods hypothesize that appearance transformation does
not alter the label of the atlas. However, in brain scans with abnormalities such as
sTBI, the appearance transformation may include edema, lesions, and etc, which
may affect the actual semantic labels of the atlas and weaken the accuracy of
segmentation. Inspired by [18|, we introduce uncertainty rectification to bypass
the potential label errors.

Specifically, given a segmentation network, fully augmented image z, = (z a4+
1) o ¢ and spatial-augmented image x4, = x4 0 ¢ are fed to the network. The
only difference between x, and x4, is that the latter lacks the transformation
on appearance. Thus, the two inputs x4 and x4, serve different purposes. Fully
augmented image x, is equipped with more diversity compared with x4, as
appearance transform has been applied to it, while the spatial augmented image
T 45 has more label authenticity and could guide a more accurate segmentation.

The overall supervised loss consists of two items. First, the segmentation
loss Lseg = Lee(Yas,yy) of spatial-augmented image =4, guides the network to
learn spatial variance only, where 44, is the prediction of x 45, and L.. denotes
cross-entropy loss. Second, the rectified segmentation loss L,eq of 24 guides the
network to learn segmentation under both spatial and appearance transforma-
tions. We adopt the KL-divergence D, of the segmentation results §45 and g,
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as the uncertainty in prediction |18]. Compared with Monte-Carlo dropout [5],
KL-divergence for uncertainty estimation does not require multiple forward runs.
A voxel with a greater uncertainty indicates a higher possibility of label error
in the corresponding location of x4, thus, the supervision signal of this location
should be weakened to reduce the effect of label errors:

Erseg = eXp[_DKL(gga /gAs)]ACce(gga yg) + DKL(yga QAS) (5>

Thus, the overall supervised loss Leup = Lseg + Lrseg is the segmentation loss
Lseg of x4 and the rectified segmentation loss L;.seq of z,. We apply the overall
supervised loss L, on both x4 and z,4 in practice. During segmentation train-
ing, the linear summation of supervised segmentation loss L, and adversarial
loss Lgqv is minimized.

3 Experiments

3.1 Data

We have collected 165 MR T1-weighted scans with sTBI from 2014-2017, ac-
quired on a 3T Siemens MR scanner from Huashan hospital. Among the 165 MR
scans, 42 scans are labeled with the 17 consciousness-related brain regions (see
appendix for details) while the remaining are left unlabeled, since the manual
labeling requires senior-level expertise. Informed consent was obtained from all
patients for the use of their information, medical records, and MRI data. All MR,
scans are linearly aligned to the MNI152 template using FSL [14]. For the atlas
image, we randomly collect a normal brain scan at the same institute and label
its 17 consciousness-related brain regions as well. During training, the labeled
normal brain scan serves as the atlas image, and the 123 unlabeled sTBI scans
are used as spatial or appearance references. For one-shot setting, the labeled
sTBI scans are used for evaluation only and completely hidden during train-
ing. In order to validate the effectiveness of the proposed one-shot segmentation
method, a U-Net [13] trained on the labeled scans by 5-fold cross validation is
used as the reference of fully supervised segmentation.

3.2 Implementation Details

The framework is implemented with PyTorch 1.12.1 on a Debian Linux server
with an NVIDIA RTX 3090 GPU. In practice, the registration network is based
on VoxelMorph [1] and pretrained on the unlabeled sTBI scans. During ad-
versarial training, the registration is fixed, while the adversarial network and
segmentation network are trained alternately. Both the adversarial network and
the segmentation network is based on U-Net [13] architectures and optimized by
SGD optimizer with a momentum of 0.9 and weight decay of 1 x 10~%. The initial
learning rate is set to 1 x 1072 and is slowly reduced with polynomial strategy.
We have pretrained the registration network for 100 epochs, and trained the ad-
versarial network and segmentation network for 100 epochs as well. The batch
size is set to 1 during training.
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Table 1. Ablation studies on different components. Rand. denotes uniform transform
sampling following |7], Adv. denotes adversarial training, and UR denotes uncertainty
rectification.

Experiments Dice Coefficient (%)
(1) Baseline 51.4+20.2
(2) Baseline + Rand. 53.14+20.6
(3) Baseline + Adv. 54.3+19.7
(4) Baseline + UR (wo/ Lseg) 48.8+23.5
(5) Baseline + UR (w/ Lseq) 53.3+19.0
(6) Baseline + Adv. + UR (w/ Lseg) 56.3+£18.8
(Upper Bound) Fully-Supervised U-Net 61.5+16.4

Table 2. Comparison with alternative segmentation methods (%).

IR 1L TR TL ICRA ICRP
BrainStorm 46.24+21.9 43.2421.3 66.7+18.1 57.1+7.3 46.8+11.7 34.5+£21.0
LT-Net  45.4+24.6 52.4+21.0 59.5+17.9 58.34+10.4 47.0+19.7 42.6+17.3
DeepAtlas 50.34+25.4 44.24+27.0 56.4+16.1 57.548.7 50.4+13.8 38.84+18.7
Proposed 52.6+24.8 54.4+22.9 62.0+16.2 58.4+10.2 51.1+16.6 44.2+17.5
ICLA ICLP CRA CRP CLA CLP
BrainStorm 46.14+14.3 38.8+14.6 50.1+16.6 48.0+13.2 50.94+11.1 54.2+10.8
LT-Net  43.5+£19.2 42.6£17.2 52.2+18.4 48.44+12.5 48.5+13.0 56.5+11.9
DeepAtlas 53.8+15.6 46.2+16.9 46.4+19.3 42.54+13.9 43.4£15.8 52.1+13.0
Proposed 53.0+16.7 44.7+18.1 56.1+15.0 53.2+12.5 51.7+12.9 60.8+11.1
MCR MCL IPL IPR B Average
BrainStorm 52.54+18.7 57.9+11.9 50.1+17.1 52.2416.5 86.4+4.3 51.9£19.0
LT-Net 56.1+20.1 59.2+12.3 43.0£15.4 53.5+18.2 87.0+6.2 52.7+19.6
DeepAtlas 55.9£17.9 54.6+13.2 44.0+17.5 50.8415.3 88.94+4.0 51.5+19.8
Proposed 61.0+16.9 61.1+11.1 48.1+18.9 53.7+17.0 90.1+4.2 56.3+18.8

3.3 Evaluation

We have evaluated our one-shot segmentation framework on the labeled sTBI
MR scans in the one-shot setting, which means that only one labeled image is
available to learn the segmentation. We explore the effectiveness of the proposed
adversarial training and uncertainty rectification, and make the comparison with
state-of-the-art alternatives, by reporting the Dice coeflicients.

First, we conduct an ablation study to evaluate the impact of adversarial
training and uncertainty rectification, which is shown in Table [I} In No. (1),
the baseline OSSLT method yields an average Dice of 51.42%. In No. (3), ad-
versarial training adds a performance gain of approximately 3% compared with
No. (1), and is also superior to predefined uniform transform sampling in No.
(2). The results indicate that adversarial training brings both extra diversity of
the generated samples and robustness of the segmentation network. The intro-
duction of uncertainty rectification along with segmentation loss L., brings a
performance gain of approximately 2%, which is shown in No. (5). But in No.
(4), if we use rectified segmentation loss L,s., only (without the segmentation
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Fig. 3. Visual comparison of different segmentation methods.

loss L4 of spatial-augmented image x 45), the segmentation performance drops
significantly compared with No. (1). This is because the rectified segmentation
loss L;seq does not provide enough supervision signal in regions where the seg-
mentation uncertainty is too high, and thus we need segmentation loss Lscq to
compensate it. Finally, by applying both adversarial training and uncertainty
rectification, the proposed method yields the best results with an improved Dice
coeflicient of approximately 5% and a lower standard deviation of segmentation
performance, which is shown in No. (5). Experimental results demonstrate that
the proposed adversarial training and uncertainty rectification can both con-
tribute to the segmentation performance, compared with the baseline setting.

Then, we compare the proposed method with three cutting-edge alternatives
in one-shot medical image segmentation, including BrainStorm [17], LT-Net [15],
and DeepAtlas , which is shown in Table [2| The proposed method outper-
forms other segmentation methods with an average Dice score of 56.3%, higher
than all of the previous state-of-the-art methods, and achieves the highest and
second highest segmentation performance in all of the 17 brain regions. Also, it
should be noted that the proposed method has a lower standard deviation in
terms of segmentation performance, which also demonstrates the robustness of
our method. However, despite the promising results of the proposed method, we
have observed that the performance gain of proposed method in certain brain
regions that are usually very small is not significant. The plausible reason is
that the uncertainty of these small brain regions is too high and affects the
segmentation.

For qualitative evaluation, we have visualized the segmentation results of
the proposed method and the above-mentioned alternatives, which are shown in
Fig.[3] The red bounding boxes indicate the regions where our method achieves
better segmentation results compared with the alternatives. Overall, our method
achieves more accurate segmentation, especially in the brain regions affected by
ventriculomegaly, compared with BrainStorm, LT-Net, and DeepAtlas.
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4 Conclusion

In this work, we present a novel one-shot segmentation method for severe trau-
matic brain segmentation, a difficult clinical scenario where limited annotated
data is available. Our method addresses the critical issues in sTBI brain segmen-
tation, namely, the need for diverse training data and mitigation of potential la-
bel errors introduced by appearance transforms. The introduction of adversarial
training enhances both the data diversity and segmentation robustness, while
uncertainty rectification is designed to compensate for the potential label errors.
The experimental results on sTBI brains demonstrate the efficacy of our pro-
posed method and its advantages over state-of-the-art alternatives, highlighting
the potential of our method in enabling more accurate segmentation in severe
traumatic brains, which may aid clinical pipelines.
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