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Figure 11: Three examples from the application of our system on the TBI
database. It is 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 brain is under-segmented, possibly mistaken for background.
Bottom row shows one of the worst cases, representative of the challenges
in segmenting TBI. Post-surgical sub-dural debris is mistakenly captured by
the brain mask. The network partly segments the abnormality, which is 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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v 1. AS—EROESE
[TO0 5 L0ER]
image_data ($3x3E T ILDH S —BUFZEEM UIZEDT, RGBEX TENMRESNTULET,
HEDE (x, y) DEROEEEET 3HDI— RERLTVET,

O ¢ »>5—EROERS RBER)
##l: IBELELDHS—EHR
image_data = [
[(255, 0, 0), (0, 255, 0), (0, 0, 255)1,
[(0. 255, 255), (255, 0, 255), (255, 255, 0)1,
[(128, 128, 128), (64, 64, 64), (32, 32, 32)]
]

P BEDEZOBEZNE

x, y=1,1

pixel_color = image_dataly][x]

print(f"Pixel color at ({x}, {yl): [pixel_color]”)

B Pixel color at (1, 1): (255, 0, 255) % 25


https://colab.research.google.com/drive/1MMhlrh08-0Byq-U1JlTdDVwMe6dyUcaq?usp=drive_link
https://colab.research.google.com/drive/1MMhlrh08-0Byq-U1JlTdDVwMe6dyUcaq?usp=drive_link
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THELD

S
X,y=2,2 § BROEROS FIE

. —_— — X, y=2, 2
G)Ctg(j:/ﬂd)d:j (g%ﬂ‘\éﬂé pixel_color = image_dataly][x]

print (f"Pixel color at ({x}, {y}): {pixel_color}”)

Pixel color at (2, 2): (32, 32, 32)

Pixel color at (2, 2): (32, 32, 32)
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3 fk: ImageNet classification with deep convolutional neural networks, 32
Alex Krizhevsky, llya Sutskever, Geoffrey E. Hinton, NIPS'12, 2012.
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CNN ZaJgE(C

« ResNet (2015 £E)

TRZEFEA (Residual Connection), Bottleneck Residual Block MEA..
30/l LRV CNN ZHEE(C. ResNet34, ResNet50, ResNet101,
ResNet 152 /& EDFEE

» Xception (2016%F)
ResNet D&EHAHEZ&E Depthwise Separable Convolution [CEZ#X
- EfficientNet (2019%F)
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Transformer
« Transformer (20174F)
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« Vision Transformer (ViT) (20204F)

Transformer ZEHFERERICERH. CNNEESEDT, BEHAHEE
ZRuE0
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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?)5
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def __init_ (self):

super(ResNet, self). _init_ ()

self.blockl = ResidualBlock(1, 32) # &R Ow 27

self.block2 = ResidualBlock(32, 64) # %R JIOw

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

self.fcl = nn.Linear(64 * 12 * 12, 128) # £E&E. 128_1—0O>
self.fc2 = nn.Linear(128, 10) # £#&&E. 101 —0O> (OS5 XE)
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