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 Content:
 3D-Reconstruction, focusing on Indoor Scene and 3D Gaussian Splatting
« Multimodality Image Fusion
« Semi-supervised Medical Image Segmentation
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Indoor Gaussian Splatting Paper Report
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« Signed Distance Function

Let Q be a subset of a metric space X with metric d, and 02 be its boundary.
The distance between a point x of X and the subset 92 of X is defined as
usual as

d(z.0Q) = inf d
(z,00) nf (z, ),

where inf denotes the infimum.

The signed distance function from a point x of X to {2 is defined by

 [(d(z,090) ifzecQ
f(z) = { —d(z,0Q) if z ¢ Q.
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1 Mutual information in coupled multi-shape model for medical image segmentation
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6 A novel segmentation model for medical images with intensity inhomogeneity based on adaptive perturbation
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5 Shape-Aware Organ Segmentation by Predicting Signed Distance Maps
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SimCVD: Simple Contrastive Voxel-Wise Representation Distillation for Semi-Supervised Medical Image
Segmentation
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4 Score-Based Generative Models for Medical Image Segmentation using Signed Distance Functions
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« Shape-aware Semi-supervised 3D Semantic Segmentation
for Medical Images
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Fig. 1: Overview of our method. Our network takes as input a 3D volume, and
predicts a 3D SDM and a segmentation map. Our learning loss consists of a
multi-task supervised term and an adversarial loss on the SDM predictions.
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Table 1: Quantitative comparisons of semi-supervised segmentation models on TABLE I
the LA dataset. All models use the V-Net as backbone network. Results on
two different data partition settings show that our SASSNet outperforms the
state-of-the-art results consistently.

COMPARISON WITH STATE-OF-THE-ART METHODS ON THE LA DATASET.

- Scans used Metrics

Method # scans used Metrics Method Labeled Unlabeled | Dice(%) T  Jaccard(%) T 95HD (voxel) |  ASD (voxel) |
Labeled|Unlabeled |Dice[%]|Jaccard[%]|ASD|[voxel] [95HD [voxel] V-Net P 0 1330 3143 4091 1213
V-Net 80 0 91.14 83.82 1.52 5.75 V-Net 8 0 79.87 67.60 26.65 7.94
V-N 16 0 85.94 75. 16.70 4.80
V-Net 16 0 86.03 | 76.06 3.51 14.26 NS o 0 oo s o o
DAP [20] 16 64 87.89 78.72 2.74 9.29 DTC [4] (AAAT2D) 80.14 67.88 24.08 7.18
SS-Net [22] (MICCAT’22) 83.33 71.79 15.70 433
ASDNet [11] 16 64 87.90 78.85 2.08 9.24 MC-Net+ [23] (MedIA22) | 4 (5%) 76 (95%) 83.23 71.70 14.92 3.43
TCSE [9] 16 64 88.15 79.20 2.44 9.57 CAML [24] (MICCAT'23) 86.78 75.97 10.34 2.89
UA-MT [18] 16 64 88.88 | 80.21 2.26 7.32 — [4?::; S gjgg 32;? 15;5810 ;Zg
UA-MT(+NMS) | 16 64 89.11 | 80.62 2.21 7.30 SS-Net [22] (MICCAI22) 86.56 76.61 12.76 3.02
SASSNet(ours) 16 64 89.27 80.82 3.13 8.83 MCC-Net+ [2253] (MedlAz’ %2) 8 (10%) 72 (90%) 2723 78-57 15-395 %

E-MT [25] (BIBM’23) 7. 77.91 7 1
SASSNet(+NMS)|[ 16 64 89.54 | 81.24 2.20 8.24 CAML [24] (MICCAT3) 2033 o 5.8 208
V-Net ] 0 79.99 68.12 5.48 21.11 — [4(])2:; T gg-;g gégg 1762269 ;gg
DAP [20] 8 72 81.89 71.23 3-80 15.81 SS-Net [22] (MICCAT’22) 88.19 7921 8.12 2.20
UA-MT [18] 8 72 84.25 73.48 3.36 13.84 MC-Net+ [23] (MedIA'22) | | 20%) 64 (80%) 90.60 82.93 6.27 1.58
B CE-MT [25] (BIBM’23) “ ° 89.67 80.53 7.21 1.99
UA-MT(4+NMS) 8 72 84.57 73.96 2.90 12.51 CAML [24] (MICCAL'23) 0077 %6 564 L7
SASSNet(ours) 8 72 86.81 76.92 3.94 12.54 Ours 91.22 83.96 5.34 1.54
SASSNet(+NMS)| 8 72 87.32 | 77.72 2.55 9.62




SimCVD: Simple Contrastive Voxel-Wise Representation Distillation

for Semi-Supervised Medical Image Segmentation
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Denoting the output of the projection head as H; =
H(QS™; 28), H! = H(Q!P; 2!, and the jrh row of H; as
h; ;, the InfoNCE loss [57] is defined by:

L exp(hi’ -} ,/r)

L(h; ;b ) =—log S rexp(hl by /o)’ (2)
where 7 is a temperature hyperparameter. The indices k and [
in the denominator are randomly sampled from a mini-batch
of images such that B 2D slices are sampled in total.
i and j denote the 3D image index and slice index,
respectively. The h; r.1 8 in the denominator that are not h! ;,j are
called negative samples Inspired by the recent success [24],
our boundary-aware contrastive loss is defined as:

|
Leonrast = 727 > [L@ b))+ L LR )L (3)
Y(i,jyeN+
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where s(vy,vy) = —12— measures the cosine of the angle
Ivelflv2l

between two v’s as their similarity. Note again that this loss
also involves all the unlabeled data.
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