A. Datasets Description

ACDC (2018) [[1]: Automated Cardiac Diagnosis Challenge dataset containing 150 cardiac MRI scans from different
patients with multi-structure segmentation annotations for left ventricle, right ventricle, and myocardium. Acquired over
6 years at University Hospital of Dijon using 1.5T and 3.0T Siemens scanners with SSFP sequences, spatial resolution
1.37-1.68 mm?/pixel, slice thickness 5-8mm, and 28-40 cardiac cycle frames. Dataset encompasses five evenly distributed
groups (30 patients each): healthy subjects and four cardiac pathologies including dilated cardiomyopathy, hypertrophic
cardiomyopathy, myocardial infarction, and abnormal right ventricle, representing comprehensive cardiac imaging scenarios
for automated diagnosis assistance.

ABD-MRI (2021) [4]: CHAOS Challenge combined healthy abdominal organ segmentation dataset comprising 40 T2-
SPIR weighted MRI scans (20 training cases) with annotations for liver, spleen, left kidney, and right kidney. Acquired using
1.5T Philips MRI producing 12-bit DICOM images at 256x256 resolution with variable slice thickness 5.5-9mm (average
7.84mm), in-plane spacing 1.36-1.89mm (average 1.61mm), and 26-50 slices per volume. Dataset emphasizes cross-modality
segmentation challenges and healthy organ delineation from potential liver donors, supporting development of automated
abdominal imaging analysis for clinical assessment and surgical planning.

ABD-CT (2015) [3]: MICCAI Multi-Atlas Labeling Beyond the Cranial Vault dataset containing 50 abdominal CT scans
from colorectal cancer chemotherapy trials and ventral hernia studies with multi-organ segmentation masks. Acquired dur-
ing portal venous contrast phase with variable volumes (512x512x85-198), field of view 280-650mm3, in-plane resolution
0.54-0.98mm?2, and slice thickness 2.5-5.0mm. Dataset includes clinical cases from patients with metastatic liver cancer or
postoperative abdominal wall hernia, providing comprehensive coverage of abdominal imaging challenges encountered in
routine clinical practice and radiological interpretation.

PH2 (2013) [6]: Dermoscopic image database for skin lesion research containing 200 high-resolution (768x560 pixels)
8-bit RGB images acquired at Hospital Pedro Hispano, Portugal using Tuebinger Mole Analyzer with 20x magnification
under standardized conditions. Dataset includes 80 atypical nevus, 40 melanoma cases, and 80 common nevi with expert
dermatologist annotations including lesion segmentation, clinical assessment, and dermoscopic criteria evaluation (colors,
pigment network, dots/globules, streaks). Supporting automated melanoma detection and skin cancer screening applications
in dermatological practice with comprehensive clinical and histological diagnosis metadata.

CVC-300 (2017)  [8]: Endoscopic scene segmentation benchmark containing 60 colonoscopy images with polyp annota-
tions extracted from colonoscopy video sequences. Dataset emphasizes endoluminal scene understanding including polyp de-
tection, lumen segmentation, and specular highlight identification, essential for computer-aided diagnosis during colonoscopy
procedures.

CHASE-DB1 (2012) [3]: Retinal vessel segmentation database comprising 28 fundus photography images with manual
vessel annotations from two independent human experts. Dataset covers diverse retinal imaging conditions and vessel mor-
phologies, supporting automated diabetic retinopathy screening and cardiovascular risk assessment through retinal vessel
analysis.

Drishti-GS (2014) [7]: Glaucoma screening dataset containing 70 fundus images with optic nerve head and optic cup
segmentation annotations. Dataset emphasizes glaucoma detection challenges including varying optic disc appearances,
cup-to-disc ratios, and pathological conditions, enabling automated glaucoma screening and early detection systems.

DCA1 (2019) [2]: Coronary artery segmentation dataset comprising 134 X-ray angiography images with vessel annota-
tions. Dataset addresses interventional cardiology challenges including complex vessel morphologies, overlapping structures,
and contrast variations typical in coronary angiographic procedures, supporting automated vessel analysis for cardiac inter-
vention planning.



B. Math Proof
B.1. EDT Initialization Analysis

We provide the mathematical foundation for our EDT-based initialization scheme, which ensures robust starting conditions
for the subsequent geodesic refinement process.

Definition B.1 (EDT Edge Detection). For a binary mask M € {0, 1}7*W the EDT initialization incorporates edge detec-
tion via Sobel operators. The gradient magnitude is computed as:
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The EDT initialization G.*) = EDT(M), ; satisfies:

(i) Boundary condition: G\") = 0 for all (i, j) € IM;

(ii) Monotonicity: G *) < G{’] whenever d((i, j), M) < d((k,1), OM);
(iii) Lipschitz continuity: |G.") — G\")| < |[(i,7) — (k,1)]|2-

Lemma B.2 (Speed Function Bounds). The speed function F; ; = m satisfies:
i,
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for B € [0.5,5.0].
B.2. Geodesic Refinement Analysis
This section establishes the theoretical foundations for the iterative geodesic distance field refinement process.

Theorem B.3 (Geodesic Refinement Convergence). Let T : RT*W s REXW genote the geodesic refinement operator
defined by:
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Then T is a contraction mapping with Lipschitz constant u < 1, and the sequence {G(t)}{’io converges to a unique fixed
point.

Proof. The mixing parameter x = 0.7 in Eq. (@) ensures contractivity. For any two distance fields G, Ga:
IT(G1) = T(G2)ll2 < pllG1 — Gzl
Since ;1 < 1, the Banach fixed-point theorem guarantees convergence.

Lemma B.4 (Numerical Stability). The numerical scheme in Eq. @) is stable under the condition:
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Given our parameter choices (;n = 0.7, A = 0.1) and the speed function bounds from Lemma this condition is satisfied
for all practical cases.

Remark B.5. The regularization parameter ¢ = 1075 in Eq. (3) ensures numerical stability by preventing division by zero
while maintaining approximation accuracy to machine precision.



B.3. Prototype Space Analysis

We analyze the theoretical properties of our unified prototype representation that combines both local and global spatial
information.

Definition B.6 (Unified Prototype Space). The unified prototype space Punified = {Pgria} U {Pgiobai} forms a complete
representation of the support features with both local and global information. Specifically:
(i) Local prototypes:
mathbf Py;q} capture spatial heterogeneity through adaptive grid sampling with density p; j =1+ 0 -7 - [[VG; ;2
where o € [1.0,4.0] and 7 € [0.5, 3.0];
(ii) Global prototype: pgiobal Provides anatomical structure coherence via geodesic-weighted aggregation using Eq. ??;
(iii) Completeness: The unified space spans both fine-grained boundary details and global anatomical patterns for com-
prehensive medical image representation.

Lemma B.7 (Adaptive Density Bounds). The adaptive sampling density p; j =1+ o0 -7 ||V G, j||2 with o € [1.0,4.0] and
7 € [0.5,3.0] ensures:

1 <pij <1+ 12max ||[VGy 2 (6)
i,
providing bounded density variation that concentrates sampling near boundaries.
Theorem B.8 (Prototype Bounds). Each grid prototype P g 5, computed via:
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ensuring bounded prototype magnitudes.

Proof. The normalization in Eq. (7) ensures that P, ;, is a convex combination of feature vectors F'; ; within the neighborhood
Ny, 1. The bound follows from the convexity of the £5 norm.

Corollary B.9 (Prototype Convergence). Under bounded feature assumptions, the prototype computation converges to a
stable representation with finite norm.



C. Qualitative results

Support GT Ours

Figure 2. Visualization from left to right on CHASE-DB1 dataset.
left row to right: Support, Ground-truth. Ours prediction.

Figure 1. Visualization from left to right on DCA1 dataset. left
row to right: Support, Ground-truth. Ours prediction.



Support Support

Figure 3. Visualization from left to right on Drishti-GS dataset. Figure 4. Visualization from left to right on CVC300 dataset. left
left row to right: Support, Ground-truth. Ours prediction. row to right: Support, Ground-truth. Ours prediction.



Support GT Ours

Figure 6. Visualization from left to right on PH2-Melanomas
dataset. left row to right: Support, Ground-truth. Ours predic-
tion.

Figure 5. Visualization from left to right on PH2-typical Nevus
dataset. left row to right: Support, Ground-truth. Ours prediction.
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