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Abstract: To address the problems that unsupervised methods for 3D medical image registration suffer

from limited accuracy, weakly supervised methods rely on high-quality segmentation labels, and labels
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generated by foundation segmentation models cannot directly and stably guide registration training, a
weakly supervised mutual-learning method for 3D medical image registration guided by a foundation
segmentation model is proposed. First, masks of major anatomical regions are extracted from different
views using segment anything model, and intersection and union masks are constructed through mask
fusion to represent structural prior information at different granularities. Second, a mutual-learning
mechanism is introduced into the weakly supervised registration framework, where a confidence and
position information module is incorporated to promote knowledge distillation and collaborative
optimization between registration models under different mask supervision, thereby enabling effective
utilization of complementary information and improving training stability. Finally, experimental results
on three brain image datasets demonstrate that the proposed method can effectively exploit label
information while maintaining stable training, and outperforms existing 3D image registration methods
on multiple evaluation metrics, showing better registration accuracy and reliability.
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syN#I [0.7281]6.8750 [ 0.0426 among different modules
Elastix™®  [0.6943 |7.64340.0149 Blade THEHR Spice |Drvosse|
VM 0.765 {3.3761(0.0139 Base 0.8213|1.86170.0342
™ 0.7491|3.6763| 0.0004 Base+T1  |0.8555(1.6701[0.0224
H-VIiT"  [0.7649(2.99340.0020 Soma-CCFv3| Base+T2 |0.8589|1.62320.0312
Soma-CCFv3| LessNet™ 0.7655(2.7863 | 0.0021 Base+CM+T1|0.8641 [ 1.5931(0.0191
VM+SAM |0.8213(1.86170.0342 Base+CM+T2|0.8816 | 1.5464 | 0.0223
TM+SAM  [0.83411.7215(0.0121 Base 0.9155|1.3349{0.1259
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H-ViT+SAM |0.9191|1.2245(0.1819 <o+ B A P AL 6 vl
LeSSNethAM 0.9074)1.4059)0.0132 Table 3 Characteristics of Intersection
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Elastid™  10.8097 132606100012 and Their Impact on Registration
VM 0.8254(1.8882|0.0018 Performance
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P28 LessNet®®  [0.8300(1.7461{0.0013 S Recall [0.74(0.52(0.79 | 0.70 | 0.69
VM+SAM  |0.8802(1.4146|0.0109 Dice(Reg) [ 0.84 [0.80 [ 0.90 | 0.82 | 0.83
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H-ViT+SAM |0.8827(1.3991{0.0201 T4 Recall |0.92(0.82(0.920.93 | 0.90
LessNet+SAM|0.8779 | 1.4942| 0.0059 Dice(Reg) [ 0.83 [0.81 [0.84 | 0.85 | 0.86
ES'S 0.9292 (0.8414|0.0092 A7 | Dice(Reg) | 0.87 | 0.82 [ 0.92 | 0.90 | 0.87
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