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Ab: The precise ion of brain re-  structural dual-| modallly information for positron emission
gions and tissues is usually a quisite for the i tomog (PET/MR) images, we pro-
and di is of various gi i in neu- pose a novel 3D whole-brain segmentation network with

i idering the of i and a to obtain 45 brain
regions. ifil the network p PET and MR
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images simultaneously, employing UX-Net and a cross-
fusion block for feature extraction and fusion in the en-
coder. We test our method by comparmg it with other
deep I ing-b: 3DUXNET, Swin-
UNETR, UNETR nnFovmer UNet3D, NestedUNet, ResUNet,
and VNet. The experimental results demonslrale that the
method i better perfor-

mance in terms of both visual and quantitative evaluation
metrics and achieves more precise segmentation in three
views while preserving fine details. In particular, the pro-
posed method achieves superior quantitative results, with
a Dice coefficient of 85.73% + 0.01%, a Jaccard index of
76 68% =+ 0.02%, a sensitivity of 85.00% =+ 0.01%, a preci-

sion of 83.26% + 0.03% and a Hausdorff distance (HD) ) of

4.4885 + 14.85%. the and
of the SUV in the volume of interest (VOI) are also evalualed
(PCC > 0.9), indicating consistency with the ground truth
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Fig. 2. Visualization of the whole-brain segmentation results shown in
axial, coronal, and sagittal views. The method indices are as follows:
(a) NestedUNet. (b) ResUNet. (c) VNet. (d) nnFormer. (e) UNETR.
(f) SWinUNETR. (g) UNet3D. (h) 3DUXNET. (i) Ours. (j) GT.
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CHASE DBI1 DRIVE HRF STARE
Dice IoU Prec. Acc. | Dice_¥IoU Prec. Acc. | Dice IoU Prec. Acc. | Dice IoU Prec. Acc.

HiFormer | 20.23 12.25 61.31 93.74 (0788 40.944"59.24 92.92 | 50.47 33.78 43.67 90.70 | 59.23 42.21 59.15 93.49
Swin-UNet | 27.45 17.79 49.49 94.0L.[ 4Q1IN32 85 Wr.96 93.59 | 37.06 24.07 61.67 92.83 | 33.58 22.42 55.89 92.87
Trans-UNet | 62.57 45.60 70.25 95.68 | 60.04% 43017 64.69 93.60 | 54.91 37.86 51.32 92.31 | 64.36 47.51 66.37 94.49
GCtx-Unet | 62.16 45.16 64.42 95.37 | 5843 @434 65402 9391 | 53.86 36.93 55.03 92.87| 58.66 41.78 60.15 93.65

UCTransNet | 43.71 28.08 28.13 81.99 | 34.77 @l.14 @1.16 M0.27 | 45.53 29.47 99.66 40.37 | 35.43 21.65 21.66 80.40

Unet++ | 62.63 45.70 77.35 95.57 | 69.94 539926 71. 76 987 | 14.25 7.70 99.99 22.04 | 66.48 50.65 67.26 96.45

Method

Image

Edge Refinement Result
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