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Figare 11: Three examples from the application of our svstem on the TBI

database. It s capable of precise segmentation of both small and large lesions

Second row depicts one of the common mistakes observed. A contusion near
the edge of the bram is nnder-segmonted, possibly mistaken for background
Bottom row shows one of the worst cases, representative of the challenges
in segmenting TBL Post-surgical sub<dural debris is mistakenly captured by
the brain mask. The network partly segments the abnormality, which 1s not

a celebral lesion of interest

Efficient Multi-Scale 3D CNN with Fully Connected CRF for Accurate Brain Lesion Segmentation,
Konstantinos Kamnitsas, Christian Ledig, Virginia F.J. Newcombe, Joanna P. Simpson, Andrew D.
Kane, David K. Menon, Daniel Rueckert, Ben Glocker, arXiv: 1603.05959, 2016.
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Mei Wang, Weihong Deng, 18
Deep Face Recognition: A Survey, arXiv:1804.06655, 2018.
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def _init_ (self):

super(Net, self).  _init_ ()
self.convl = nn.Conv2d(1, 32, 3) # 15
self.conv2 = nn.Conv2d(32, 64, 3) # 2/
self.pool = nn.MaxPool2d(2, 2) # 3=
self.fcl = nn.Linear(64 * 12 * 12, 128) # 4/&
self.fc2 = nn.Linear(128, 10) # 5/=
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« ResNet (2015 £E)

HREES (Residual Connection), Bottleneck Residual Block D& A.
30/BLL EDIELY CNN ZHJHE[C. ResNet34, ResNet50, ResNet101,
ResNet 152 /& EDFEE

» Xception (2016%F)
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- EfficientNet (2019%F)
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Transformer
« Transformer (20174F)

BASENED=8IC Transformer REEREENJ=. Attention ZI5€
E93.

« Vision Transformer (ViT) (20204F)
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« Swin Transformer (20214F)
vision Transformer [C Sifted Windows Z& A

« DINAT (2022%F)
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X R.
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Kaiming He, Xiangyu Zhang, Shaoqging Ren, Jian Sun,

Deep Residual Learning for Image Recognition, IEEE Conference on Computer Vision and Pattern Recognition, 201?)8
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def __init_ (self):

super(ResNet, self). _init_ ()

self.blockl = ResidualBlock(1, 32) # &R Ow 2

self.block2 = ResidualBlock(32, 64) # &R JIOwW

self.pool = nn.MaxPool2d(2, 2) # T—U> =

self.fcl = nn.Linear(64 * 12 * 12, 128) # £fE&E. 1281 —0O>
self.fc2 = nn.Linear(128, 10) # £#&&E. 101 —0O> (OS5 XE)
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