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Abstract Biomedical image registration and segmentation are essential in life science research, medical diag-
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nosis, and clinical treatment. However, deep learning methods typically rely on large-scale, high-quality an-
notated data, which are costly to obtain. The existing data augmentation techniques mainly generate additional
samples through linear deformation such as rotation and translation methods, yet they still struggle to effectively
solve the demand for data brightness diversity and elastic structure deformation diversity of biomedical images.
In this paper, we propose a double-sampling data augmentation strategy based on the joint model of registration
and segmentation. Integrating the double sampling on the brightness and deformation fields enriches the bright-
ness diversity and the data’s elastic structural deformation diversity. Further, to suppress the misleading of in-
correct information in the pseudo-labeled data on the joint model, an adversarial training method is used to
train a pseudo-label discriminator module to find inaccurate segmentation predictions and suppress the propa-
gation of incorrect information in the data cycle. Eventually, this paper proposes a joint model for registration
and segmentation for a one-shot scenario. It achieves better segmentation and registration performance than the
comparison algorithms on the Mindboggle-101 human brain MRI dataset, MouseBrain mouse brain fMOST
dataset, and MM-WHS 2017 heart dataset, demonstrating the effectiveness of our data augmentation strategy.
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VoxelMorph-diff 72.62 +2. 80 - 0.80 0. 11 - 0.37 £0.17
3D U-Net - 72.69 +2. 06 - 0.76 £0.09  0.12£0.16
Mindboggle-T01 1y A 1as 74.82£2.59  72.82+2.21  0.77+0.11  0.74+0.09  0.47 £0.33
PC-Reg-RT 72.32£2.05  79.14+1.84  0.80+0.09  0.68+0.07  0.87 +0. 14
ATk 77.53+2.41  80.53x2.01 0.70x0.10  0.64+0.09  0.58 +0.49

Affine 76.12 +4.49 - 1.90 +0. 36 - -
VoxelMorph-diff 77.50 +4. 48 - 1.71 0. 34 - 0. 46 0. 26
3D U-Net - 80.72 2. 40 - 1.79£0.16  0.22£0.29
MouseBrain 1y Atlas 79.89 +3.84  81.41£2.74  1.56 £0.30 1.60 £0.23  0.65 0. 58
PC-Reg-RT 82.32+2.29 81.45+1.37 1.29%0.16  1.64+0.10  0.8820.26
AT 82.02+3.36 83.67+1.93 1.4420.26  1.410.13  0.64 +0.57

Affine 63.73 +7.95 - 3.39 £0.78 - -
VoxelMorph-diff 72.52 +6.52 - 2.45+0.58 - 0.13 +0.18
3D U-Net - 75.40 5. 87 - 2.28 £0.53  0.09 +0.21

MM-WHS2017

DeepAtlas 78.09 +4.71  76.77+6.39  1.96+0.43  2.17+0.62  0.21 =0.37
PC-Reg-RT 81.27+4.74 81.39%5.85 1.70£0.45  1.72x0.66  0.25=0.19
ARSI 80.25+4.48 80.79£5.76  1.80+0.42  1.81x0.55  0.23 £0.31
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DSC 4545 F4H4E T 4.91% F1 2. 71% , 1E R-ASD
Febr EAISE T 0.10 0 0. 07 ; 43 #25 FAH 4T 3D
U-Net F1 DeepAtlas 7E S-DSC 4§ #5 L 40 46 T
7.84% 1 7.71% ,{F S-ASD $5#5 F 45T 0. 12
H10.10, 5 PC-Reg-RT  Ho A 37 B 4
RTE R-DSC F545 L &iSE T 5.21% , 7E R-ASD 45

P AU T 0. 10, 70 FI45 R AE S-DSC f545 195G
T 1.39% ,7E S-ASD $8%5 F 4546 T 0. 04,
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B4 T 0.27 F10.12, Sy EI 45 RARE T 3D
U-Net #l1 DeepAtlas 7£ S-DSC #5 #5 b 40 46 T
2.95% 1 2.26% , 7 S-ASD 545 405G T 0.38
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Fig.3 The comparison of DSC for various anatomical structures in the registration results on the MindBoggle-101 dataset
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Fig.4 The comparison of DSC for various anatomical structures in the segmentation results on the Mindboggle-101 dataset
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Fig.5  Visualization of registration task results on three

datasets
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Fig. 6  Visualization of segmentation task results on three
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Tab.2  The contribution of different modules to the experi-
mental results on the Mindboggle-101 3D human
brain MRI dataset validation

Bk R-DSC/ % S-DSC/ %

LR AR Y
EaM 72.62 £2.80 72.82 £2.21
(DeepAtlas)
FeRp A + X
féﬂiﬁ‘%ﬁ: X 76.80 2. 31 79.81 £2.03
RAE MG

LR 4+ L
BARE + 8 74.46 +2.44 77.99 £2.13
lE
R 77.53 £2.41 80.53 £2.01
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