EHBJLEF 6541

RS ST HERE RO AR oy BISLA DL

KIEFE EIH XPEIX
TFRFEKE, FE - T7 8l 114051

R

ISSN: 2661-4499(Print)

W OE, ANEFRROSENR., AR GHEER, SXGRTREFIERLTHWEFARIZIH L, RESF
SJAERIGR S B E MR K ZHIE T F T RIS ERFIE, ABRFER,HRET SHE. S-S5 Ty R4z
Wk Iy %, X E BT T U-Net, Transformer. Mamba A& 52| — 3748 (SAM ) F b3t A £ E 5 F 1% 5 %)
FE R, R EAEBATT HAA AT, Hsh, RXERELET S EFEGS ML @I, Ak
BRIy e AT T R

XEiF: EFEM%L 5 E); U-Net; Transformer; Mamba; 22 —474% (SAM )
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Abstract: In response to the high dimensionality, complexity, and precision requirements of medical images, this paper
reviews medical image segmentation algorithms under the framework of deep learning. Deep learning models can adaptively
learn and extract multi-level features from large amounts of data, providing a high-precision, robust, and scalable solution for
medical image segmentation. The paper focuses on the application of advanced models such as U-Net, Transformer, Mamba,
and Segmentation Everything Model (SAM) in medical image segmentation, and conducts comprehensive comparative

analysis from multiple dimensions. In addition, the paper also summarizes the challenges faced by current medical image

segmentation research and provides prospects for future research directions.
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TensorFlow 8¢, PyTorch ) /E57=f,
1.3.1 3D U-Net
3D U-Net (IROTE TR 4G R A =451,
DU IR = 4R 25 . DU &—~#& T PyTorch (Uit 3D
U-Net SCHIHESE:
“python
import torch
import torch.nn as nn
class ConvBlock3D(nn.Module):
def _init_ (self, in_channels, out_channels):
super(ConvBlock3D, self). init ()
self.convl = nn.Conv3d(in_channels, out channels,
kernel size=3, padding=1)
self.bnl = nn.BatchNorm3d(out_channels)
self.relu = nn.ReLU(inplace=True)
self.conv2 = nn.Conv3d(out_channels, out_channels,
kernel size=3, padding=1)
self.bn2 = nn.BatchNorm3d(out_channels)
def forward(self, x):
x = self.conv1(x)
x = self.bnl(x)
x = self.relu(x)
x = self.conv2(x)
x = self.bn2(x)
x = self.relu(x)
return X
class DownSampling3D(nn.Module):
def init_ (self, in_channels, out channels):
super(DownSampling3D, self). _init ()
self.maxpool = nn.MaxPool3d(kernel size=2)
self.convblock = ConvBlock3D(in_channels, out
channels)
def forward(self, x):
x = self.maxpool(x)
x = self.convblock(x)
return x
class UpSampling3D(nn.Module):
def init__ (self, in_channels, out channels,
bilinear=True):

super(UpSampling3D, self). init ()

self.up = nn.ConvTranspose3d(in_channels, out_

channels // 2, kernel _size=2, stride=2)

self.convblock = ConvBlock3D(out channels, out

channels)
def forward(self, x1, x2):
x1 = self.up(x1)

Assume x1 and x2 have the same spatial dimensions
x = torch.cat([x2, x1], dim=1)
x = self.convblock(x)
return x
Define the full 3D U-Net architecture here...

(For brevity, only key components are shown)

1.3.2 ResU-Net
ResU-Net 5| A\ TFRZ 4z, DGR R 45 rYAFIESZ AL RE
Jlo DURE—NET PyTorch HIi%ft ResU-Net SZHFES :
*python
class ResBlock(nn.Module):
def init (self, in_channels, out channels):
super(ResBlock, self). init ()
self.convl = nn.Conv2d(in_channels, out channels,
kernel_size=3, padding=1)
self.bnl = nn.BatchNorm2d(out_channels)
self.relu = nn.ReLU(inplace=True)
self.conv2 = nn.Conv2d(out_channels, out channels,
kernel_size=3, padding=1)
self.bn2 = nn.BatchNorm2d(out_channels)
if in_channels != out_channels:
self.shortcut = nn.Sequential(
nn.Conv2d(in_channels, out_channels, kernel
size=1),
nn.BatchNorm2d(out_channels)
)
else:
self.shortcut = nn.Sequential()
def forward(self, x):
out = self.conv1(x)
out = self.bnl(out)
out = self.relu(out)
out = self.conv2(out)
out = self.bn2(out)
out += self.shortcut(x)
out = self.relu(out)
return out
Define the full ResU-Net architecture here...
(For brevity, only the ResBlock is shown)
1.4 U-Net ZEEFE5 58| PV IERE TG
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