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FAMNet: Frequency-aware Matching Network for

Cross-domain Few-shot Medical Image Segmentation
Yuntian Bo, Yazhou Zhu, Lunbo Li, Haofeng Zhang
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Domain shift during inference is ignored by existing methods. upport Image

Even within the same organ or region, spatial domain
similarity varies significantly across domains, while
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frequency domain distinctions are more subtle, with ‘ =
\ variations primarily in high and low-frequency bands. / ‘ E
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Contribution
® We extend few-shot medical image ation to a new v
task termed cross-d few-shot medical image o fg
segmentation. l Py
® we propose a Frequency-aware Matching Network v
(FAMNet), which includes two key p ts: a novel g
Freq y-aware Matching (FAM) module, to 3
concurrently address both intra-d and inter-d
variances, along with a Multi-spectral Fusion (MSF)
module to further suppress domain-specific information. | | SWwSS = ————— @ 000000 0 e
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Quantitative Results ware Matching
A inal CT — MRI A MRI — CT s = SC(]:(P<F5)))-, @® 1) The FAM module uses forward/inverse
Method Ref. i
Liver | LK | RK | Spleen | Mean | Liver | LK | RK | Spleen | Mean o ) f"“"e" "‘:"foﬂt"m to ‘:ec‘lmpl‘:e t:e
PANet | ICCV'19 | 3924 2647 3735 2679 3246 | 4029 3061 2666 3021 3194 Fo(i) = p= (F7 (Bp(¢s, 1(1)))) = foreground features of support and query
SSL-ALP | TMI'22 | 7074 5549 6743 5839 6301 | 71.38 3448 3232 5167 4746 into different frequency components
ADNet MIA22 | 5033 3936 37.88 3937 4173 | 6425 37.39 2562 4294 4255 (taking support feature as example).
QNet | IntelliSys'23 | 58.82 42.69 51.67 44.58 4944 | 70.98 38.64 30.17 4328 4577
CATNet | MICCAI'23 | 44.58 43.67 5027 4634 4621 | 5452 4173 4024 4584  45.60 F —F.W
RPT | MICCAI'23 | 49.22 4245 47.14 4884 4691 | 6587 4007 3597 5122 4828 s s Vs 2) During typical training, models rely on domain-specific
PATNet | ECCV'22 | 57.01 5023 5301 51.63 5297 | 7594 46.62 42.68 63.94 57.29 F —=F, W, ° g .
IFA CVPR'24 | 4881 4579 5146 5142 4937 | 5005 3645 32.69 4308  40.57 a e frequency bands (DSFBs) to adapt, but this can cause
Ours — 73.01 57.28 74.68 5821 6579 | 73.57 5779 61.89 6578 64.75 ¥ .F overfitting to certain prominent features, like high-frequency
/oy sy . . . o
A(F,,F,) = J(W), edges in CT images, leading to performance degradation in
Method Ref. Cardiac LGE — b-SSFP Cardiac b-SSFP - LGE SIS unseen domains like MRI, where edges are less distinct.
LV-BP [ LV-.MYO | RV | Mean | LV-BP | LV-MYO | RV | Mean " —AOF,
sg]i\ll‘iip I%S[}l'zlzg g;j}/ g;z éz;f gggg 225‘]‘ gg’gz 2?‘211 ig-gz F”) AR This stage learns attention weights and applies forward/inverse
CADNet | MIA22 | 5875 3694 5137 4902 | 4036 3722 4366 4041 70 =% = g attention to different frequency bands, helping the model focus
QNet | IntelliSys'23 | 50.64 37.88 4524 4458 | 31.08 3403 3945 3485 " , , on domain-agnostic frequency bands (DAFBs) and reduce
CATNet | MICCAI'23 | 64.63 4241 5613 5439 | 4577 4351 2602 45.10 F{,=(1-A)OF reliance on DSFBs
RPT | MICCAI'23 | 60.84 4228  57.30 5347 | 5039  40.13 5050 47.00 " (1-A)OF, >
PATNet | ECCV'22 | 6535  50.63 6834 6144 | 6682  53.64 5974 60.06 a1 = 'Yq ° .
IFA CVPR24 | 64.04 4322 7458 6228 | 68.07 3607 6042 54.85 3) The features belonging to the support and
Ours — 86.64 51.84 7626 71.58 | 77.37 52.05 5475 6139 query are fused, producing a new debiased
F;, = MLP (Cat ( i Fy ) ©), fbe{0,1} feature thatserves as the final representation
Method Ref. Prostate UCLH — NCI Prostate NCI - UCLH for a specific frequency band.
Bladder ‘ CG ‘ Rectum | Mean | Bladder ‘ CG ‘ Rectum | Mean \ y
PANet ICCV'19 51.85 38.89 3628 4234 | 4990 3627 4358 4325
SSL-ALP | TMI'22 54.86 4259 4165 4637 | 666 4312 5694 5555
ADNet MIA22 53.92 4611 4226 4743 | 6284 5134 6045 5821 Resources
QNet | IntelliSys'23 | 39.66 3571 3425 3654 | 4122 4321 3919 4121
CATNet | MICCAI'23 | 47.61 4529 4251 4514 | 5198 4881 5501 5193
RPT | MICCAI'23 | 52.17 4122 4693 4677 | 6235 5166 64.63  59.55 E :ﬁ E
PATNet | ECCV'22 | 50.04 5271 4457 49.10 | 6991 53.02 6279 6191
IFA CVPR'24 | 41.02  39.15 3645 3887 | 5254 39.85 3427 4222
Ours — 53.06 4848 5257 5137 | 77.64 4873 6891  65.09
®  Qur method achieves state-of-the-art performance, outperforming existing few-shot E .
dical image seg| ation models and cross-domain few-shot semantic Paper Code
segmentation models by 7.46%, 2.78%, 10.14%, 1.33%, 2.27%, and 3.18% in Dice
score across six cross-domain directions. B Feel free to contact me: yuntian.bo@njust.edu.cn
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