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* We argue that only synthesized medical images containing essential
morphological characteristics can ensure the reliability of enhanced
segmentation models.

* We propose the Siamese-Diffusion model to generate medical images with
realistic morphological features.

* Extensive experiments demonstrate that our method outperforms existing
approaches in both image quality and segmentation performance.
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-Noise Consistency Loss
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Denoising Loss:

Criz = W; * Cj + Wy, - Sg[cm]
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- Ablation Study
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Method Comparison

(a) Real

(d) ArSDM (M)

(b) SinGA-Seg (M) (c) TZIAdapfer' (M) (M)

(e) Con‘thet_ (M+I) (f) ControlNet (M)
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Method Comparison

|EndoScene [51] ClinicDB [2] Kvasir [26] ColonDB [46] ETIS [42] | Overall

Methods

|II1DiCl3 mloU mDice mloU mDice mloU mDice mloU mDice mIoUlmDicc mloU
SANet [52] 888 815 91.6 859 904 847 753 670 750 654|794 714
+Copy-Paste 807 830 90.2 851 903 848 777 T0.0 774 688 | 81.1 73.7

+SinGAN-Seg [47] (M) | 883 816 909 853 910 858 773 694 737 654| 80.0 726
+T2I-Adapter [31] (M) | 865 789 90.6 850 899 841 777 694 786 69.7| 81.1 73.2
+ArSDM [14] (M) 90.2 832 914 861 91.1 856 777 70.0 780 69.5]| 815 741
+ControlNet [59] (M) 90.2 837 91.6 854 906 850 77.0 69.0 758 665|805 728
+ControlNet [50] (M+I)| 809 833 914 862 912 855 782 705 754 666| 81.0 736

+0urs (M) 904 839 93.0 881 912 855 791 713 811 734 | 83.0 758
Polyp-PVT [10] 90.0 833 937 889 917 864 808 727 787 70.6| 833 76.0
+Copy-Paste 88.0 809 934 887 917 871 798 718 792 713 | 828 756

+SinGAN-Seg [47] (M) | 87.0 797 91.7 87.0 928 881 769 69.0 742 66.7| 80.1 73.0
+T2I-Adapter [31] (M) | 88.7 816 93.1 881 913 86.0 806 724 790 71.0| 83.1 757
+ArSDM [14] (M) 88.2 812 922 875 915 863 8L7 738 806 729 840 76.7
+ControlNet [59] (M) 88.0 811 937 89.0 915 863 808 725 761 68.1| 825 75.1
+ControlNet [59] (M+I)| 90.3 835 922 87.7 91.1 86.2 BlL6 73.7 772 69.1] 832 76.0

+0urs (M) 904 838 939 893 911 859 817 740 815 734 | 844 773
CTNet [54] 90.8 844 93.6 887 917 863 B8l3 734 810 734 | 842 7710
+Copy-Paste 91.6 855 923 871 915 863 825 747 781 70.6| 840 769

+SinGAN-Seg [47] (M) | 894 823 93.6 888 929 886 780 704 764 687|815 746
+T2I-Adapter [31] (M) | 90.8 843 937 887 919 869 817 741 804 725| 843 772
+ArSDM [14] (M) 80.8 829 929 878 905 852 819 740 809 735|842 710
+ControlNet [59] (M) 90.2 841 923 875 917 869 814 735 795 7T1.7| 837 76.6
+ControlNet [59] (M+I)| 90.7 842 932 886 920 872 811 73.6 809 731|841 771
+0urs (M) 90.1 836 93.8 B89 929 89.1 838 758 795 72.0| 851 781
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Extended Evaluation (ISIC2016)

(a) Real (b) T2I-Adapter (c) ControlNet (d) Ours

‘ ISIC2016 [8] \
Methods ‘ UNet [37] ‘SegFormer [55]\
ImDice mloU|mDice mloU

Real Dataset 89.58 86.62|93.57 89.06
+Copy-Paste 89.43 86.48(93.53 88.85
+T2I-Adapter [31]| 89.48 86.47(93.71 89.24
+ControlNet [59] |89.42 86.51(93.54 88.83
+Ours (Real) 89.91 87.01/94.14 89.76
+Ours (Random) | 90.06 87.25/94.31 90.01
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W Extended Evaluation (ISIC2018)

(a) Real (b) T2I-Adapter (c) ControlNet (d) Ours

\ ISIC2018 [7]
Methods ‘ UNet [37] ‘SegFormer [55]

‘mDice mloU ‘mDice mloU
Real Dataset 82.19 78.45/91.35 86.10
+Copy-Paste 81.00 77.16/91.25 86.09

+T2I-Adapter [31]{81.16 77.04/91.19 85.73
+ControlNet [59] |81.76 77.94|91.52 86.19
+QOurs (Real) 82.81 79.04/91.80 86.67
+Ours (Random) |83.71 80.09 91.93 87.12
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- Conclusion

Introduce a novel 1mage synthesis method-Siamese-Diffusion.
Extensive experiments across five datasets demonstrate the effectiveness
and superiority of our method.
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https://github.com/Qiukunpeng/Siamese-Diffusion
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