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Abstract
3Dmedical images present significant challenges for segmentation due to the diversity of anatomical
structures, as well as regionswith low contrast and noise. To address these issues and achieve precise
segmentation, we propose a Three BranchDynamic SelectionNetwork (TB-Net). This network
enhances segmentation performance by capturing both rich detailed features and abstract semantic
features. TB-Net consists of three parallel feature extraction paths: a CNNbranch for capturing local
texture and spatial features, a Transformer branch formodeling global semantic information, and a
HiddenConnection (HC) branch for learning and reusing historical information from the encoding
stage. To efficiently integrate the extracted features, we introduce aDynamic Selection (DS)module
that adaptively fusesmulti-branch features.We conducted quantitative experiments on fourMRI
andCTdatasets (OAI-ZIB,Hippocampus, Parse, and Spleen), andTB-Net demonstrated overall
superior performance comparedwith the baselinemethods across these datasets. On theOAI-ZIB
dataset, TB-Net achieved an average segmentation performance of 90.2%± 0.02Dice, 0.5± 0.1mm
ASSD, and 1.7± 0.4mmHD95 for femoral cartilage, representing improvements of 0.9% inDice, a
0.1mmdecrease inASSD, and a 0.2mmdecrease inHD95 comparedwith the second-bestmethod.

Q5

1. Introduction

Medical image segmentation is crucial in variousQ6 biomedical applications, playing aQ7 significant role in
diagnosing diseases, formulating treatment plans, implementing therapies, and quantifying the cancer
microenvironment. To alleviate theworkload ofmedical practitioners and reduce the negative impact of
subjective factors associatedwith traditionalmanual segmentationmethods [1, 2], numerous deep learning-
basedmedical image segmentation networks have been developed. These networks are capable of segmenting
regions of interest (ROIs) inmedical image data fromvariousmodalities (such as CT,MRI, etc.) that are of
concern to clinicians and biologists [3, 4]. However, the segmentation remains challenging due to issues in
three-dimensionalmedical images, such as edge blurriness and difficulty distinguishing between foreground
and background. Therefore, exploringmore refined and accurate automatic segmentationmethods is
necessary.

Over the past few decades, CNNshavemade outstanding contributions to the field of computer vision
[5–7]. Since the introduction ofU-Net [8], theU-shaped architecture has becomemainstream inmedical
image segmentationmodels. Thesemethods [9–12] consist of convolutional blocks in the encoder to extract
features and a decoder to obtain segmentation results. AlthoughCNN-basedmethods yield good segmentation
performance, their inherent locality in convolutional computations shows clear limitations in capturing long-
range dependencies. Transformers [13], on the other hand, excel at capturing long-range dependencies. ViT
[14]was the first to apply Transformers to image segmentation, achieving remarkable results. Since then,
Transformers have beenwidely adopted in the field of computer vision, leading to the development ofmethods
such asUNETR [15], SwinTransformer [16], andTransUNet [17]. However, due to induction bias,
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Transformers require a large amount of labeled data for training, which is challenging inmedical imaging tasks.
Additionally, Transformers exhibit deficiencies in capturing local features [18], which diminishes the distin-
guishability between background and foreground.

Recent studies have shown that the combination ofCNNandTransformermethods can bemore effective
[19].Many hybrid approaches [15, 17, 20–22] have achieved promising results across various tasks. Recent
methods such as SegMamba [23] andHiDiff [24] apply theMamba architecture and diffusionmodels to image
segmentation.However, some existing hybridmethodsmay not effectively learn the features of either Trans-
former or CNN. For instance, TransUNet usesCNNas the encoder and only applies Transformer at the lower
levels, whichmay not effectively capture Transformer features. The features fromCNNandTransformer are
complementary, and their interaction is beneficial for precise segmentation.However, how to accurately
embed the features of both still requires further discussion. Additionally, these hybridmethods often overlook
themodeling of inter-layer relationships and fail to fully utilize low-level information, whichmay result in
blurred segmentation boundaries.

To alleviate the aforementioned issues, this paper proposes a new three-branchTransformer-CNNhybrid
network, featuring dynamic selection and a hidden connection path for various 3Dmedical image segmenta-
tion tasks. To learn Transformer andCNN features, we have designed separate branches for each. To handle
dual-branch features andmitigate theweak inductive bias of the Transformer, we introduced aDynamic Selec-
tionModule (DS) that facilitates rich feature interaction. Additionally, to effectively utilize low-level detail
information, a hidden connection path (HC) has been designed to retain historical context.

Themain contributions of this work are as follows:

• This paper proposes a 3D three-branch interactive networkwith dynamic selection blocks and hidden
connections, which demonstrates good segmentation performance acrossmedical datasets of varying scales.

• To facilitate rich information interaction, we introduce a dynamic fusionmodule to select information,
modeling the information from the dual-branch path tomitigateweak inductive bias.

• We introduce a hidden connection path to transfer historical information to the decoder in order to narrow
the semantic gap between the encoder and decoder.

• In four segmentation tasks: OAI-ZIB,Hippocampus, Parse2022, and Spleen, TB-Net outperforms hybrid
Transformer-CNNmethods or pureCNNapproaches, demonstrating good generalization capability.

2. Relatedwork

2.1. Classic CNNor transformer architecture networks
In the initial stages of segmentation research, traditionalmethods [25, 26] dominated until the emergence of
networks such as [8, 11, 27, 28]. The excellent segmentation capabilities of these networks demonstrated the
effectiveness of theU-shaped architecture, which has since beenwidely adopted in themedical field.While pure
convolutional networks excel in local feature extraction, they struggle to capture global features effectively. To
address this issue, some studies have chosen to directly or indirectly expand the receptive fieldwithinCNN
architectures. For example, ConvNeXt [12] proposed byWoo et al employs a 7× 7 convolutional kernel and
increases the depth of the network to achieve impressive segmentation results; Yu [29] et al proposed atrous
convolution, which increases the receptive field by expanding the sampling rate. Hu et al introducedGENet
[30] and SENet [31], which aggregate global information and computeweights for feature channels through
global average pooling to obtainmore comprehensive global features. However, simply increasing the size of
the convolutional kernel does not always lead to better extraction performance [12]. Additionally, the density
of pooling operations increases with the expanded receptive field, which can result in decreased spatial
resolution. Inspired byMednext [32], convolutional blocks with scalable feeler fieldswere designed to alleviate
the above problem, allowingConvs to better play the role of high-pass filters.

With the advent of Transformers, a series of Transformer-based networks has been proposed to address the
shortcomings ofCNNs. The good segmentation efficiency of ViT [14] demonstrates the effectiveness of Trans-
formers in the visual domain.However, the quadratic computational complexity of Transformer limits its use
in three-dimensional scenes. AgentAttention proposed byHan [33] et al seamlessly integrates softmax atten-
tion and linear attention, achieving a good balance between representational capacity and computational effi-
ciency.However, there are still some redundant computations. The SwinTransformer designed by Liu [16] et al
utilizes a slidingwindowmechanism to compute attention onlywithin relevant windows, optimizing perfor-
mance. Cao [34] et al proposed swinunet with unet-like pure transformer based on [16], which is effective on
large-scale datasets but has limitations in the field ofmedical image segmentationwhere data is scarce. To
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achieve better segmentation performance across datasets of varying scales, we employCNNandTransformer
in parallel, leveraging their complementary strengths.

2.2.Hybrid network ofCNNand transformer
Hybridmodels that combineCNNs andTransformers have been applied in the field of vision and have
achieved notable successes. TransUNet, proposed byChen [17] et al, stacks convolutional blocks and
Transformers in a serialmanner, where the input first passes through convolutional layers and then is processed
byTransformers to compensate for the low-resolution features lacking detailed localization information
caused byTransformers. Segformer, introduced byXie [35] et al, designs a hierarchical Transformer that does
not require positional encoding andutilizes only a few fully connected layers for the decoder. This design
enables adaptation to various resolutions. Peng [36] et alproposedConformer, which processes 2D images by
designing parallel branches of Transformers andCNNs, using a fusionmodule to integrate the features from
the parallel branches, outperforming individual Transformer or CNN frameworks. Chen [37] et al introduced
Mobile-Former, an innovative bidirectional cross-bridgingmethod to fuse Transformers andCNNs, resulting
in high computational efficiency and strong expressiveness, though it leads to a lowparameter sharing rate
between the twomodules. Hiformer [38], proposed byHeidari et al integrates CNNandTransformer on 2D.
Although it uses themaximumandminimum level features in feature fusion, there are limitationswhen
reusing features at different scales. In addition, largemodels such asMedSAM3D [39] andTotalSegmentator
[40] have been proposed, which can performhigh-precision, automated segmentation ofmultiple organs and
complex structures, significantly enhancing clinical efficiency and reproducibility. Currently, there are few
parallel architectures involving bothTransformers andCNNs in the field of 3Dmedical image segmentation,
and how to effectively combine the features fromboth remains a topicworth exploring. According to our
experiments (table 6), simple fusion of CNNandTransformbranching features yields poor performance,
possibly due to the introduction of redundant features.We found that a suitable feature fusionmechanism is
crucial for the success of parallel architectures.

2.3. Interaction between the encoder anddecoder
InU-Net architectures, the semantic gap between the encoder and decodermay lead to suboptimal
segmentation results [41] obtained by the network.Most existingmethods compensate for this gap by using
skip connections to transmit information from the encoder to the decoder,merging low-level and high-level
information to address the loss of features during sampling.However, this simple connection scheme does not
effectivelymodel global information [18, 42]. TheU-Net 3+ [43] proposed byHuang et al attempts to capture
multi-granularity features by introducing nested and dense skip connections to fuse high-level and low-level
information.Gorkem [44] et al introducedDCA,which is not limited by the number of stages and performs
double cross-attention calculations on all encoder outputs before connecting them to the corresponding parts
of the decoder, thereby narrowing the semantic gap. ACC-UNet [45], proposed byNabil et al, employs a patch-
based contextual aggregationmethod at the skip connections, which is contrary towindow attention, to adjust
the outputs ofmultiple stages to the same size, striving to provide the networkwith rich cross-semantic
information.However, thesemethods lackmodeling of sequential relationships and donot reuse historical
information, whichmay lead to segmentationswith fuzzy boundaries. Distinguishing from the abovemethods,
we introduce a learnable path bridging encoder-decoder.

3.Method

The architecture of TB-Net is illustrated in figure 1(a), mainly including four parts: dual branching backbone,
hidden connection path, dynamic selectionmodule, and decoders. The dual-branch backbone consists of
transformer blocks andCNNblocks, which are used to extract transformer features andCNN features,
respectively. To integrate the representations extracted from the two branches, we introduce aDynamic
SelectionModule (DS). Note that we design aHiddenConnection Path (HC) tomodel the sequential
relationships between levels. In addition, the output information from the dual-branch backbone and theDS
block is skip connected to the decoder.

3.1. CNNbranch
To capture the details in the image and extract rich local features, we designed theCNNbranch. TheCNN
branch consists of five convolutional layers, each containingDynamicReceptive Field blocks (DRF) and
downsampling blockswith a stride of 2. The structure of theDRF is shown in figure 1(b). TheDRF consists of
three parallel branches, with each branch including one, two, and three residual blocks to simulate receptive
fields of sizes 5, 9, and 13, respectively. The features are then integrated through element-wise addition. [19]
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pointed out that deep convolutions have an effect similar to local attention, which is why the parallel residual
blocks are constructed using depth-wise convolutions. Specifically, tomatch the dynamic sensory field, we
utilize layer normalization in the composition of theDRF instead of batch normalization [46]. This process can
be expressed as:

( ) ( ( )) ( )µ µ µ=RB x x . 1

( ( ) ( ) ( )) ( )=DRF RB X RB X RB X . 21 2 3

( ) ( )=F DRF Y . 3C
n

In the formula, x denotes the input feature received by the current branch,Y denotes input, δ indicates the layer
normalization(LN),μ refers to the features processed by LN anddepth-wise convolution(DWConv), andX
denotes the features after LN.⊕ denotes element-wise addition.RB1 indicates the use of one residual block
(RB), with the other two being similar. FC

n is the feature obtained afterDRF, and n represents the layer number
where n= {1, 2, 3, 4, 5}.

3.2. Transformer branch
TheTransformer branch is composed of transformers withmovingwindows, consisting of five stages, each
stage comprising 3D Swin-Transformer blocks. These blocks include self-attentionmechanisms, sliding
window self-attention-based Transformers, as well as LN andMLP layers. As shown in figure 1(c), after the

Figure 1.The overall framework of TB-Net. It consists of two parallel feature extraction paths (CNNencoder andTransformer
encoder), a parallel hidden connection learning path, and a dynamic selectionmodule. (a) represents the overall structure of the
network. (b) shows the components of theCNNencoder. (c) illustrates the Transformer blocks used in the Transformer branch.
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patch partition layer of the Transformer branch, input × ×RY H W D, a 3D imagewith a spatial resolution of
H×W×D is divided into patches of sizePh×Pw×Pd,with dimensionsH/Ph×W/Pw×D/Pd× S, where S is
the dimension of the embedding. In subsequent layers, the input and output are shown in the following
equations:

( ( )) ( )= +F W MSA F F . 4n
T

n
T

n
T

1 1

( ( )) ( )= +F F F . 5n
T

n
T

n
T

( ( )) ( )= ++F SW MSA F F . 6n
T

n
T

n
T

1

( ( )) ( )= ++ + +F F F . 7n
T

n
T

n
T

1 1 1

where Fn
T and +Fn

T
1 are the outputs after windowmulti-head self-attention(W-MSA) andmovingwindow

multi-head self-attention(SW-MSA). n represents the layer numberwhere{n= 1, 2, 3, 4, 5}.δ andβ refer to
LayerNormalization andMulti-Layer Perceptron.

3.3.Dynamic selection block
Toour knowledge, simply concatenating the featuremaps from theCNNbranch and the transformer branch
may lead tomisalignment between them. To address this issue, we propose the dynamic selection block(DS)
adaptively utilizes contextual information through a large dynamic spatial selection domain.With the dynamic
selection block, the features frommultiple source branches are embedded, enhancing the availability of
complex information. Forcing different branches to directly output featureswith the same dimensionmay
affect the effective extraction of information. Figure 2(d) illustrates the composition of theDS. Features are
aligned using 1x1x1 convolution before being concatenated.Here, FT

n denotes the features output from the n th

layer of the transformer branch, while FC
n denotes the features output from the n th layer of theCNNbranch,

which can be formulated as:

( ( ( ) ( ))) ( )=F C C F C F, . 8T
n

C
n

1 1

WhereC1 represents the 1× 1× 1 convolution operation,C denotes the concatenated features, and δ indicates
layer normalization, while F is themixed feature after concatenation. To dynamically select the output features
from the two branches, wemodel theweightsλ1 andλ2. First, we construct the parametersωMAP andωAV P by
applyingmax pooling (MAP) and average pooling (AVP) across the channels. Then, we use a convolutional
layer with a kernel size of 7 spatially interact these features, thereby enabling the selection of the extracted
features. Finally, a Sigmoid activation function is applied to obtain the dynamic selectionweightsλ1 andλ2.
This process is represented as:

Figure 2. (d) is the structural diagramof the dynamic selection block, which is a fundamental component of theDS. (e) displays the
hidden connection block, which is a basic unit of the hidden connection.Here,C denotes the concat operation. FT

n and FC
n are the

outputs of the n th layer of theCNNandTransformer branches, respectively, whileHn−1 represent the features of the (n− 1)th layer
of the hidden connection branch.Conv1 is a 1× 1× 1 convolution block. The symbol⊗ indicates element-wisemultiplication, and
⊕ denotes element-wise addition.
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( ( ( ))) ( )= C AVP . 9AVP1 7

( ( ( ))) ( )= C MAP . 10MAP2 7

Here,ωAVP=AVP(F) andωMAP=MAP(F). γ denotes the sigmoid activation function, andC7 represents a
convolutional kernel of size 7. The processing of theDS block at the n th layer can be represented as:

( ( ) ( ( )) ( ) ( )= +F C F C F F F . 11n
T
n

C
n

T
n

C
n

1 1 2 1

Where⊕ denotes element-wise addition,⊗ represents element-wisemultiplication, and Fn denotes the output
of then th dynamic convolution block(n= {1, 2, 3, 4}). Notably, we also use residual connectionswithin the
block.

3.4.Hidden connections
Tomodel the inter-layer relationships, theHiddenConnection Path (HC) is introduced. By enabling the dual
backbone to learn shallowdetail features, deep abstract semantic features can incorporate historical
information. As can be seen in figure 2(e), the input to this path is a zero-initialized learningmatrix, which
enhances the robustness of themodel [15]. TheHCconsists of n layers, where n= {1, 2, 3, 4}, and each layer is
composed ofHiddenConnection Blocks (HCB). The initial size of the zero-initializedmatrix isH×W×D,
and each layer downsamples by half while learning historical information through the dual-branch extraction
path. The size of the featuremap at each layer isH/2n−1×W/2n−1×D/2n−1× 2n−1C, whereC is the number
of input image channels.

Specifically, the output of theDynamic Selectionmodule (DS) is connected to the output of the previous
HiddenConnection Path (HC) layer. The connected features are then passed to two convolutional layers for
feature refinement.Max pooling is used to reduce parameters, followed by an attention unit to capturemore
relevant intermediate layer featuresMn. To compress the information, a 1× 1× 1 convolutional block pro-
cessesMn. The state featuresHn of the current layer are obtained through residual connections. This process
can be expressed as:

( ( ( ))) ( )=M CL CL C F H, . 12n n
2 1

1

( ( )) ( )=M MAP M . 13n

( ) ( )=H C M H . 14n n n
1

1

WhereC represents concat,CL1 consists of a convolution blockwith a kernel size of 3, followed by batch
normalization(BN) and aReLUactivation function.CL2 contains the same convolution block andBNasCL1.
C1 is a 1× 1× 1 convolution.α represents SE attention, andMAP stands formax pooling.Fn is the output of
theDS at the same layer.

3.5. Loss function
Weuse a loss functionwhich combines the soft Dice loss and cross-entropy loss to accomplish the network’s
segmentation task. The loss function formulas are as follows:

( )=
+

+ +=

=

= =

Loss
N

g p

g p
1

2
. 15Dice

i

N
i
I

i i

i
I

i i
I

i1

1

1 1

( ) ( ) ( )= +Loss
I

g p g p
1

log 1 log 1 . 16CE i i i i

( )= +Loss Loss Loss . 17Total Dice CE

WhereN represents the number of classes;I is the number of voxels(H×W×D); gi denotes the ground truth
labels;pi represents the predictedmap, and ε is a smoothing factor to prevent division by zero. The network’s
total loss function is denoted as LossTotal.

4. Experiments

4.1.Datasets and evaluationmetrics
Toquantitatively evaluate the performance of TB-Net, we conducted experiments on four public available
datasets: OAI-ZIB,Hippocampus, Parse2022, and Spleen.

4.1.1. OAI-ZIB datasets
OAI-ZIB [47] is a knee joint cartilage dataset provided by theOsteoarthritis Initiative, comprising 507 3DMRI
images. The femoral and tibial cartilage in each imagewasmanually annotated by experts. Each image has a size
of 384× 384× 160, with a voxel spacing of 0.37 mm× 0.37 mm× 0.7 mm.The dataset is split into 253 and 254
scans as the training and testing sets.
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4.1.2.Hippocampus datasets
TheHippocampus dataset [48] is a header dataset aimed at segmenting twoneighboring small structureswith
high accuracy(anterior and posterior). The dataset is utilized in theMedical SegmentationDecathlon (MSD). It
containsMRI images from394 patients, of which 263are designated for the training set and 131 for the test set.
Themedian image size is 35× 50× 36with a spacing of 1.0 mm× 1.0 mm× 1.0 mm.

4.1.3. Spleen datasets
The Spleen dataset [48] is part of theMedical SegmentationDecathlon (MSD). It consists of 61 3DCT scans,
with 41 scans for the training set and 20 for the test set. Each image in this dataset has a voxel spacing of
1.6 mm× 0.79 mm× 0.79 mm,with an average image size of 187× 512× 512.

4.1.4. Parse2022 datasets
The Parse2022 dataset [49](PulmonaryArtery Segmentation), originating fromMICCAI 2022, is a CTdataset
for pulmonary artery segmentation. It contains 100 publicly available imageswith corresponding labels. The
images have an average size of 512× 512× 301, with voxel spacing of 0.6543 mm× 0.6543 mm× 1.0 mm.

4.2. Evaluationmetrics
Toobjectively compare the performance of differentmodels, we used average symmetric surface distance
(ASSD) [50], dice similarity coefficient (DSC) [51], and 95th percentileHausdorffDistance (HD95) [52] as
evaluationmetrics.

4.3. Implementation details
Ournetwork TB-Net is implemented onPyTorch version 1.10.1 andMONAI version 1.3.0. It is trained on one
RTX4090GPUby theAdamWoptimizer with amomentumof 0.9 and initial learning rate of 0.0002. The
trainingwas conducted for 300 epochswith batch size of 1. During training, to accommodatememory
constraints, the Spleen dataset uses randomly cropped patches of size 32× 32× 32 as input to the network,
whereas other datasets use patches of size 96× 96× 96. The samples are simultaneously normalized to the [0, 1]
range and subjected to transformations such as interpolation and randomcropping. In addition, the datasets
are split into 80% for training, 10% for validation, and 10% for testing. The overlap rate for the slidingwindow
in theTransformer branch is set to 0.5.

5. Results

To validate the performance of our proposedTB-Net, we compared it with several 3D segmentation networks.
These networks can be broadly categorized into two types: pureCNN-based architectures and hybrid
architectures that combineCNNswith Transformers. This includes purely convolutional networks likeV-Net,
3DU-Net, and nnU-Net, as well as CNN-based decoder networks such as SwinUNETR,UNETR, and
SegFormer, as well as largemodels likeMedSAM3D.To ensure a fair comparison, allmethods except for Swin
UNETRwere not equippedwith pre-trainedweights.

5.1.Quantitative comparison ondatasets
Table 1 shows the performance of differentmodels in segmenting femoral cartilage (FC) and tibial cartilage
(TC). The columns for ’Femoral Cartilage’ and ’Tibial Cartilage’ display the performance of variousmodels
tested on theOAI-ZIB dataset.Quantitative results indicate that ourmethod (TB-Net) surpasses all comparable
methods. Specifically, for FC, our proposedmethod achieves scores of 90.2%and 0.5mmon the evaluation
metrics, Dice Similarity Coefficient (DSC) andAverage Symmetric SurfaceDistance (ASSD), respectively.
Compared to the conventional nnU-Net, ourmethod improves theDSCby 1.2%.While the basic nnU-Net has
an excellent framework and strategy, it lacks the incorporation of Transformer features. The increase heremay
be attributed to the rich features extracted by the TB-Net encoder. The second-bestmodel, Swin-UNETR,
which is based onTransformerwith pre-trainedweights, also shows an increase of 0.9% in theDSCmetric and
a decrease of 0.1mm in theASSDmetric. In TC segmentation, ourmethod also outperforms bothCNN-based
andTransformer-basedmethods, achieving the highest overall DSC and the lowest ASSD. This results in aDSC
that is a 1.9% increase compared to 3DU-Net, demonstrating significant improvement. This enhancement is
likely due to ourmethod’s ability to capturemore comprehensive features compared to pureCNN-based
approaches. Additionally, the ASSDmetric for ourmethod is reduced by 2.7mmcompared to the
Transformer-based SegFormer, whichmay be attributed to theHC’s compression of supplementary shallow
information, leading tomore refined segmentation boundaries. The experimental results demonstrate that our
method exhibits superior generalization capability.
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In order to validate the generalization capability of the proposedmethod for the segmentation of different
organs, we compared it with six differentmethods on theHippocampus dataset. The comparison results are
shown in table 2. For the segmentation of the anterior region, ourmodel TB-Net outperformed allmethods,
achieving the highest overall DSCof 90.2% and the best ASSDof 1.2mm.Compared to the third-bestDSC
metric fromSwin-UNETR, TB-Net shows outstanding performancewith an increase of 1.4%.When compared
to the second-best ASSDmetric from3DU-Net, the ASSD is reduced by 0.2mm. In the segmentation of the
posterior region, our proposedmethod is slightly lower than nnU-Net inDSC, but obtains the optimum in
ASSDmetric. Compared toUNETR, theDSC improved by 1.2%. In contrast to SegFormer, the ASSDmetric
decreased by 0.8mm.

Table 3 presents the results on the Spleen dataset, theDice score andAverage Symmetric SurfaceDistance
of TB-Net are 96.2% and 0.9mm, respectively. Comparedwith nnU-Net, our approach has a slight increase of
0.3mm in theASSD score, but it achieves the highestDSC score,making it themost accurate segmentation.
Relative to the popular Transformer-CNNhybridmethod Swin-UNETR, TB-Net shows an improvement of
1.6% in theDSC. In terms of the number of network parameters, the parallel three-branch structure carries a
significant amount of information, resulting in a higher parameter count compared to typical convolutional

Table 1.Results ofOAI-ZIB datasets. The best results are highlighted in bold. Statistical significance is computed by paired t-tests
withHolm–Bonferroni correction, comparing each baseline to ours. ‘*’: p < 0.05; ‘**’: p < 0.01; ‘***’: p < 0.001; n.s.: not
significant.

Methods
Femoral cartilage Tibial cartilage

DSC (%) ASSD (mm) HD95 (mm) DSC (%) ASSD (mm) HD95 (mm)

V-Net 87.7 ± 0.02*** 1.2 ± 0.2*** 1.9 ± 0.6*** 84.1 ± 0.04*** 1.7 ± 0.3*** 2.6 ± 1.5***

3DU-Net 89.0 ± 0.02*** 0.8 ± 0.1*** 1.9 ± 0.6*** 85.0 ± 0.04*** 1.0 ± 0.2*** 2.4 ± 1.3***

nnU-Net 89.0 ± 0.02*** 0.7 ± 0.1*** 1.9 ± 0.5*** 85.5 ± 0.04*** 0.8 ± 0.3*** 2.6 ± 1.5***

SegFormer 85.6 ± 0.02*** 1.8 ± 0.1*** 2.2 ± 0.4*** 84.0 ± 0.04*** 3.2 ± 0.2*** 4.3 ± 1.3***

UNETR 88.3 ± 0.02*** 0.7 ± 0.2*** 2.0 ± 0.7*** 85.3 ± 0.04*** 1.0 ± 0.3*** 2.6 ± 1.7***

Swin-UNETR 89.3 ± 0.02*** 0.6 ± 0.3n.s. 2.4 ± 1.4*** 85.3 ± 0.04*** 0.8 ± 0.2n.s. 2.9 ± 1.3***

Ours 90.2 ± 0.02 0.5 ± 0.1 1.7 ± 0.4 86.9 ± 0.03 0.5 ± 0.3 2.4 ± 1.5

Table 2.Results of hippocampus datasets. The best results are highlighted in bold. Statistical significance is computed by paired
t-tests withHolm–Bonferroni correction, comparing each baseline to ours. ‘*’: p < 0.05; ‘**’: p < 0.01; ‘***’: p < 0.001; n.s.: not
significant.

Methods
Anterior Posterior

DSC (%) ASSD (mm) HD95 (mm) DSC (%) ASSD (mm) HD95 (mm)

V-Net 80.0 ± 0.2*** 6.5 ± 4.4*** 3.8 ± 6.8*** 76.7 ± 0.2*** 3.7 ± 1.9*** 3.0 ± 4.8***

3DU-Net 88.8 ± 0.03n.s. 1.4 ± 0.1n.s. 1.5 ± 0.6*** 87.3 ± 0.03n.s. 1.3 ± 0.1*** 1.5 ± 0.7n.s.

nnU-Net 90.0 ± 0.03*** 1.5 ± 0.1*** 1.4 ± 0.5*** 89.0 ± 0.03*** 1.5 ± 0.1*** 1.5 ± 0.7***

SegFormer 86.0 ± 0.03*** 3.0 ± 0.4*** 2.1 ± 3.0*** 85.0 ± 0.04*** 2.1 ± 0.2*** 1.7 ± 0.8***

UNETR 88.8 ± 0.03n.s. 1.6 ± 0.2*** 1.5 ± 0.6*** 87.1 ± 0.03n.s. 1.5 ± 0.1*** 1.5 ± 0.7n.s.

Swin-UNETR 89.3 ± 0.03n.s. 1.4 ± 0.1*** 1.5 ± 0.6*** 87.9 ± 0.03n.s. 1.5 ± 0.1n.s. 1.5 ± 0.7n.s.

Ours 90.2 ± 0.03 1.2 ± 0.2 1.3 ± 0.4 88.3 ± 0.03 1.3 ± 0.1 1.4 ± 0.6

Table 3.Results of Spleen datasets. The best results are highlighted in
bold. Statistical significance is computed by paired t-tests withHolm–
Bonferroni correction, comparing each baseline to ours. ‘*’: p < 0.05;
‘**’: p < 0.01; ‘***’: p < 0.001; n.s.: not significant.

Methods DSC (%) ASSD (mm) HD95 (mm)

V-Net 92.7 ± 0.05n.s. 2.4 ± 1.5n.s. 3.7 ± 1.7n.s.

3DU-Net 94.2 ± 0.01*** 0.9 ± 0.2*** 1.9 ± 1.1n.s.

nnU-Net 96.0 ± 0.01n.s. 0.6 ± 0.3n.s. 1.0 ± 0.1n.s.

SegFormer 94.2 ± 0.04n.s. 0.9 ± 0.3n.s. 1.4 ± 0.6n.s.

UNETR 94.0 ± 0.02n.s. 0.9 ± 0.3n.s. 1.5 ± 0.2n.s.

Swin-UNETR 94.6 ± 0.04n.s. 0.6 ± 0.2n.s. 1.6 ± 0.8n.s.

MedSAM-3D 67.2 ± 0.2n.s. 2.9 ± 1.4n.s. 10.5 ± 4.5n.s.

Ours 96.2 ± 0.01 0.9 ± 0.3 1.1 ± 0.1
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networks.However, compared toUNETR, ourmethod achieves a 2.2% improvement inDSCwith only a slight
increase in the number of parameters. Regarding computational complexity, TB-Net is positioned at an aver-
age level amongmethodswith Transformer encoders. Table 3 further demonstrates the segmentation compar-
isons between our network and others, indicating the effectiveness of our network.

Table 4 presents the segmentation results of themodels on the PARSE 2022 dataset. Although ourmethod
ranks slightly below the best-performing nnU-Net in terms of theDice coefficient, it achieves comparable per-
formancewith nnU-Net on key boundary-accuracymetrics, includingASSD and the 95%Hausdorff distance
(3.7mm), both reaching the optimal level. These results indicate that ourmethod is competitive in terms of
overall segmentation accuracy and boundary precision.

Moreover, as shown in table 5, TB-Net (Ours)has 132.19Mparameters and 181.52GFLOPs, placing it at a
medium scale among the four Transformer-basedmodels. Compared to Swin-UNETR (63.58Mparameters,
333.64GFLOPs) and SegFormer (16.07Mparameters, 195.14GFLOPs), TB-Net achieves high performance
whilemaintaining an acceptable inference time of 93.27ms per volume andGPUmemory usage of
1859.64MB, indicatingmoderate computational cost. In contrast to traditional lightweight CNNmodels such
as 3DU-Net (1.64ms per volume, but lowerDice thanTB-Net), TB-Net offers superior segmentation accuracy
and robustness, while its inference efficiency remains sufficient for clinical use.Overall, TB-Net strikes a favor-
able balance between performance and resource consumption, ensuring high-quality segmentationwith prac-
tical potential for clinical deployment.

5.2.Qualitative comparison on datasets
Figure 3 qualitatively illustrates the segmentation results of variousmodels on theOAI-ZIB dataset. Each row
in figure 3 represents a comparison of segmentation examples fromdifferentmethods. The purple color
indicates femoral cartilage, while green represents tibial cartilage. The first columndisplays segmentation
labels, followed by the segmentation results fromTB-Net, 3DU-Net, VNet, nnU-Net, SegFormer, Swin
UNETR, andUNETR from left to right. It can be observed that in row (c), ourmethod ismore sensitive to
irregular shape segmentation, with similar conclusions reflected in row (b). In row (a), the threeCNN-based
methods excessively smooth the segmentation edges, performingworse than theTransformer-basedmethods.
In our TB-Netmodel, edge segmentation is improved, showing a slopemore similar to the labels.

Figure 4 qualitatively showcases the visual comparison betweenTB-Net and other comparisonmodels on
theHippocampus dataset. It is worth noting that while allmethods achieve coarse-grained segmentation in the
Posterior region, our proposedTB-Net excels at capturing fine-grained edge features, resulting in impressive
segmentation performance. These qualitative and quantitative results highlight the excellent performance of
the proposedTB-Net in theHippocampus segmentation task.

Table 4.Results of Parse2022 datasets. The best results are highlighted in
bold. Statistical significance is computed by paired t-tests withHolm–
Bonferroni correction, comparing each baseline to ours. ‘*’: p < 0.05; ‘**’:
p < 0.01; ‘***’: p < 0.001; n.s.: not significant.

Methods DSC (%) ASSD (mm) HD95 (mm)

V-Net 82.3 ± 0.03*** 0.8 ± 0.2*** 5.3 ± 0.6***

3DU-Net 70.0 ± 0.06*** 1.3 ± 0.2*** 8.1 ± 1.4***

nnU-Net 85.8 ± 0.04n.s. 0.5 ± 0.1*** 3.7 ± 0.6n.s.

SegFormer 65.4 ± 0.05*** 1.7 ± 0.3*** 27.9 ± 5.4***

UNETR 81.0 ± 0.04*** 1.0 ± 0.2*** 5.8 ± 0.6***

Swin-UNETR 85.1 ± 0.04*** 0.5 ± 0.1n.s. 4.2 ± 0.8***

MedSAM-3D 56.0 ± 0.09*** 4.6 ± 1.5*** 68.7 ± 16.9***

Ours 85.7 ± 0.04 0.5 ± 0.1 3.7 ± 0.6

Table 5.Model computational cost.

Methods Params (M) FLOPs (G) Inference time (ms) GPUMem (MB)

V-Net 45.60 96.00 29.27 770.62

3DU-Net 21.03 30.20 1.64 14.83

nnU-Net 11.20 250.95 25.42 779.73

SegFormer 16.07 195.14 45.05 2158.75

UNETR 115.18 167.19 30.64 1132.30

Swin-UNETR 63.58 333.64 70.35 1865.00

Ours 132.19 181.52 93.27 1859.64

9

Phys. Scr. 00 (2026) 000000 SMa andCShi



Figure 5 displays the visual segmentation results of sevenmethods on the Spleen dataset. The Spleen dataset
has a limited number of samples,making it challenging to train Transformer-based networks.However, as seen
in row (c), ourmethod still outperforms threeCNN-based networks in segmenting irregular edges. Addition-
ally, TB-Net’s segmentation results for the irregular parts of the organ are closer to the ground truth labels, as
shown in rows (d) and (e).

We performedGrad-CAMheatmap visualizations on the same samples from theOAI-ZIB and Spleen data-
sets, generating results at the corresponding encoder outputs for each branch. From the sagittal slices in
figure 6(a), each branch focuses on distinct regions, with theCNNbranch providing complementary informa-
tion to the Transformer branch. Similarly, theHCbranch shows attention to edge regions, as illustrated in the
third rowof the sagittal slice in figure 6(b).

5.3. Ablation study
To evaluate the effectiveness of the severalmodules we proposed in the network, we conductedmultiple
experiments on theOAI-ZIB,Hippocampus, and Spleen dataset. The baselinemodel consists of an encoder
constructed froma SwinTransformer and a decodermade up of convolutional blocks.We then added aCNN
branch to the baselinemodel, referred to asModel A.Next, we incorporated theDSmodule intoModel A,
calling itModel B. By adding theHCmodule toModel A, we createModel C. Finally, by adding theHCmodule
toModel B (i.e., TB-Net), we obtainModelD. table 6 presents the experimental results of the variousmodels.

Figure 3.Visualization of the representative SOTAs segmentation results fromfivemethods on theOAI-ZIB dataset. The purple and
green areas represent the femoral cartilage (FC) and tibial cartilage (TC), respectively.

Figure 4.Visualization of the representative SOTAs segmentation results from fourmethods on theHippocampus dataset. The blue
and yellow areas represent theAnterior and Posterior regions, respectively.

10

Phys. Scr. 00 (2026) 000000 SMa andCShi



5.3.1. Experimental results with dual branches
To validate the effectiveness of the parallel encoder, we conducted experiments. The results on theOAI-ZIB
dataset are shown in table 7.Model A,which only adds aCNNauxiliary branch, did not improve theDSC
metric, and theASSD remained unchanged, indicating that simply adding local convolutional information is
insufficient to significantly enhance segmentation performance. A similar trendwas observed on the
Hippocampus dataset, as shown in table 8.Model A did not improve performance. Subsequent experimental
results demonstrate the necessity of introducing theDSmodule for information filtering.

Figure 5.Visualization of the representative SOTAs segmentation results for five patients in the Spleen dataset. The green area
represents the segmentation results, and the yellowbox contains the enlarged detail view.

Figure 6.VisualizationHeatmaps of EachBranch. The first rowdepicts visualizations for the Transformer branch, the second row
corresponds to theCNNbranch, and the third row represents theHCbranch. (a) shows results for theOAI-ZIB dataset, and (b)
shows results for the Spleen dataset. In the heatmaps, red and yellow indicate regions of highmodel attention.

Table 6.Ablation study on the spleen dataset.

Methods DSC(%) ASSD(mm)

baseline 94.2 ± 0.01 0.9 ± 0.3

Model A 93.7 ± 0.01 1.1 ± 0.3

Model B 94.3 ± 0.01 1.4 ± 0.3

Model C 94.5 ± 0.01 1.2 ± 0.3

ModelD 96.2 ± 0.01 0.9 ± 0.3
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5.3.2. Effectiveness of theDSmodule
Table 6 indicates that theDSmodule helps to improve performance.When theDSmodule is equipped alone,
theDSC increases by 0.1% (from94.2% → 94.3%), while themodel’s parameter count and computational
complexity remain largely unchanged. TheDSmodule effectively emphasizes key featureswhen facedwith
different input data, enhancing segmentation performance. Thismay explainwhyModel B has a higherDSC
thanModel A. This further underscores the importance of extracting rich features for segmentation accuracy.

5.3.3. Effectiveness of theHCmodule
Todemonstrate the effectiveness of theHCmodule, we equipped it independently inModel A. Table 6 presents
the experimental results on the Spleen dataset. It can be noted that without theHCmodule, the baselineDSC
metric decreased by 0.3% compared towhen it is included. In terms of theASSDmetric, the baseline improved
by 0.3mm.Thismay be because the information compressed by theHCmodule, when fusedwith the dual-
branch backbone, generates redundant information in the absence of theDSmodule, thereby affecting the
segmentation boundaries, which confirms the effectiveness of theDSmodule. Furthermore, the enhancement
in segmentation performance ofModel Cmay be attributed to the historical information retained by theHC
module.

5.3.4. Effectiveness of the dual branches, DSmodule, andHCmodule
As shown in table 6, when theDSmodule andHCmodule are simultaneously equipped onModel A, both the
DSC andASSDmetrics show significant improvement. Compared to themethodswithModel B, themaximum
improvement reaches 2.1%. This indicates that the dual-branch backbone,DSmodule, andHCmodule can
mutually enhance each other. Experimental results demonstrate that theDSmodule can filter key features,
while theHCmodule can compress effective historical information to supplement the detail information
required for segmentation.

Furthermore, on theOAI-ZIB and Spleen datasets, we visualizedGrad-CAMheatmaps for the same sam-
pleswith andwithout theHCmodule, generated at the outputs of the same-layer encoders in both branches.
From the sagittal slices in the first and second rows of figure 7(a), it can be seen that the Trans branch exhibits a
more complete response to the target region after incorporating theHCmodule. Similarly, theCNNbranch
shows a broader distribution of attention regions, as illustrated in the axial slices in the third and fourth rows of
figure 7(a).

5.4.Discussion
In this paper, we propose a three-branch dynamic selection network that integrates historical information for
3Dmedical image segmentation.Ourmethod achieves accurate segmentation onmultiple datasets and
outperforms comparative approaches. TB-Net introduces a dynamic feature selectionmechanism that
adaptively balances contextual features, structural details, and historical information across three

Table 7.Ablation study on theOAI-ZIB dataset.

Methods
Femoral cartilage Tibial cartilage

DSC (%) ASSD (mm) DSC (%) ASSD (mm)

baseline 89.9 ± 0.02 0.5 ± 0.01 85.7 ± 0.02 0.5 ± 0.03

Model A 89.6 ± 0.02 0.5 ± 0.01 85.1 ± 0.03 0.6 ± 0.03

Model B 90.0 ± 0.02 0.7 ± 0.01 85.8 ± 0.03 0.5 ± 0.03

Model C 90.1 ± 0.02 0.6 ± 0.01 86.0 ± 0.03 0.6 ± 0.03

ModelD 90.2 ± 0.02 0.5 ± 0.01 86.9 ± 0.03 0.5 ± 0.03

Table 8.Ablation study on theHippocampus dataset.

Methods
Anterior Posterior

DSC (%) ASSD (mm) DSC (%) ASSD (mm)

baseline 89.5 ± 0.03 1.3 ± 0.02 87.3 ± 0.03 1.4 ± 0.01

Model A 88.9 ± 0.03 1.5 ± 0.02 86.8 ± 0.03 1.6 ± 0.01

Model B 89.8 ± 0.03 1.7 ± 0.02 87.8 ± 0.03 1.6 ± 0.01

Model C 89.7 ± 0.03 1.6 ± 0.02 87.6 ± 0.03 1.9 ± 0.01

ModelD 90.2 ± 0.03 1.2 ± 0.02 88.3 ± 0.03 1.3 ± 0.01
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complementary branches. This design enables themodel to better handle complex structures and regionswith
blurred boundaries.However, this study still has some limitations. First, themulti-branch structure increases
computational cost andmemory consumption, whichmay limit large-scale clinical deployment. Second, the
experimentswere conducted on a limited number of datasets, and further validation onmore diverse types of
medical images is needed. Futureworkwill focus on developing lightweight solutions and extending themulti-
branch framework to othermedical segmentation tasks to enhancemodel interpretability and clinical
reliability.

6. Conclusion

In this paper, we have proposed a three-branch dynamic selection network incorporating historical
information for 3Dmedical image segmentation.Ourmethod achieved accurate segmentation on four
datasets, outperforming several comparisonmethods. Future research needs to optimize the computational
complexity of thismethod and further develop lightweightQ8 approaches.

Funding

Sample text inserted for demonstration. This workwas supported in part by theNationalNatural Science
Foundation of China underGrantNo. 62471272, 61806107 and 62201314, theOpening Project of StateKey
Laboratory ofDigital Publishing Technology.

Data availability statementQ9

The data cannot bemade publicly available upon publication because they are not available in a format that is
sufficiently accessible or reusable by other researchers. The data that support the findings of this study are
available upon reasonable request from the authors.

Author contributions

ShuminMa
Conceptualization (equal),Methodology (equal), Software (equal), Visualization (equal),Writing – original

Figure 7.Visualization ofHCModuleAblation. The first and second rows display the visualizations of the Transformer (Trans)
branchwith andwithout theHCmodule, respectively, while the third and fourth rows correspond to theCNNbranch. (a) shows
results for theOAI-ZIB dataset, and (b) for the Spleen dataset. In the heatmaps, red and yellow regions indicate areas of highmodel
attention.

13

Phys. Scr. 00 (2026) 000000 SMa andCShi



draft (equal),Writing – review& editing (equal)

ReferencesQ10

[1] ChenX,Williams BM,Vallabhaneni SR, CzannerG,WilliamsR andZhengY 2019 Learning active contourmodels formedical
image segmentationProceedings of the IEEE/CVFConference onComputer Vision and Pattern Recognition pp 11632–40

[2] ChenB, Liu Y, ZhangZ, LuG andKongAWK2024TransAttUnet:multi-level attention-guidedU-Netwith transformer formedical
image segmentation IEEETransactions on Emerging Topics inComputational Intelligence 8 55–68

[3] XuC, Li Y, Shi C, ZhangH, BiH andChenY 2023HiM: hierarchicalmultimodal network for document layout analysisApplied
Intelligence 53 24314–26

[4] ShiC, XuC,He J, ChenY, ChengY, YangQ andQiuH2022Graph-based convolution feature aggregation for retinal vessel
segmentation Simul.Modell. Pract. Theory 121 102653

[5] KaimingH et al 2016Deep residual learning for image recognitionProceedings of the IEEEConference onComputer Vision and Pattern
Recognition 34 pp 770–8

[6] KrizhevskyA, Sutskever I andHintonGE2012 Imagenet classificationwith deep convolutional neural networksQ11 Advances inNeural
Information Processing Systems 25

[7] LiuZ,MaoH,WuC-Y, FeichtenhoferC,Darrell T andXie S 2022A convnet for the 2020sProceedings of the IEEE/CVFConference on
Computer Vision and Pattern Recognitionpp 976–11

[8] RonnebergerO, Fischer P andBroxTU-net: convolutional networks for biomedical image segmentationMedical ImageComputing
andComputer-assisted Intervention–MICCAI 2015: 18th International Conference,Munich, Germany,October 5-9, 2015, Proceedings,
Part III 18 (Springer) 2015 pp 234–41

[9] ZhouZ, Rahman SiddiqueeMM,TajbakhshN andLiang JUnet++: a nested u-net architecture formedical image segmentation
Deep Learning inMedical Image Analysis andMultimodal Learning for ClinicalDecision Support: 4th InternationalWorkshop, DLMIA
2018, and 8th InternationalWorkshop,ML-CDS 2018,Held inConjunctionwithMICCAI 2018, Granada, Spain, September 20, 2018,
Proceedings 4 (Springer) 2018 pp 3–11

[10] ÇiçekÖ., Abdulkadir A, Lienkamp S S, BroxT andRonnebergerO 3du-net: learning dense volumetric segmentation from sparse
annotationMedical Image Computing andComputer-Assisted Intervention–MICCAI 2016: 19th International Conference, Athens,
Greece, October 17-21, 2016, Proceedings, Part II 19 (Springer) 2016 pp 424–32

[11] Milletari F, NavabN andAhmadi S-A 2016V-net: fully convolutional neural networks for volumetricmedical image segmentation
Fourth International Conference on 3DVision (3DV) (IEEE) pp 565–71

[12] WooS,Debnath S,HuR,ChenX, LiuZ, Kweon I S andXie S 2023Convnext v2: co-designing and scaling convnets withmasked
autoencodersProceedings of the IEEE/CVFConference onComputer Vision and Pattern Recognitionpp 133–16

[13] AshishV 2017Attention is all you needAdvances inNeural Information Processing Systems 30 I
[14] Dosovitskiy A et al 2020An image is worth 16x16words: transformers for image recognition at scaleQ12 arXiv:2010.11929
[15] HatamizadehA, TangY,NathV, YangD,MyronenkoA, LandmanB, RothHR andXuD2022Unetr: transformers for 3dmedical

image segmentationProceedings of the IEEE/CVFWinter Conference onApplications of Computer Visionpp 574–84
[16] LiuZ, Lin Y, CaoY,HuH,Wei Y, ZhangZ, Lin S andGuoB 2021 Swin transformer: hierarchical vision transformer using shifted

windowsProceedings of the IEEE/CVF International Conference onComputer Vision pp 10012–22
[17] Chen J, LuY andYuQT2021Transformersmake strong encoders formedical image segmentation arXiv:2102.04306
[18] PengZ,HuangW,Gu S, Xie L,Wang Y, Jiao J andYeQ2021Conformer: local features coupling global representations for visual

recognitionProceedings of the IEEE/CVF International Conference onComputer Visionpp 367–76
[19] JiangM,KhorramS and Fuxin L 2024Comparing the decision-makingmechanisms by transformers and cnns via explanation

methodsProceedings of the IEEE/CVFConference onComputer Vision and Pattern Recognitionpp 9546–55
[20] ChangY,MenghanH,Guangtao Z andXiao-Ping Z 2021TransclawU-net: ClawU-net with transformers formedical image

segmentation arXiv:2107.05188
[21] Xie Y, Zhang J, ShenC andXia Y 2021Cotr: efficiently bridging cnn and transformer for 3dmedical image segmentationMedical

ImageComputing andComputer Assisted Intervention–MICCAI 2021: 24th International Conference, Strasbourg, France, September 27–
October 1, 2021, Proceedings, Part III 24 (Springer) pp 171–80

[22] ZhouH-Y,Guo J, ZhangY, Yu L,Wang L andYuY 2021 nnformer: interleaved transformer for volumetric segmentation arXiv:2109.
03201

[23] Xing Z, YeT, YangY, LiuG andZhu L 2024 SegMamba: long-range sequentialmodelingmamba for 3Dmedical image segmentation
Medical Image Computing andComputer Assisted Intervention—MICCAI edMGLinguraru et al (Cham) (SpringerNature
Switzerland)pp 578–88

[24] ChenT,WangC, ChenZ, Lei Y and ShanH2024HiDiff: hybrid diffusion framework formedical image segmentation IEEETrans.
Med. Imaging 43 3570–83

[25] XuC, Shi C, BiH, LiuC, YuanY,GuoHandChenY 2021Apage object detectionmethod based onmask r-cnn IEEEAccess 9 448–143
[26] Tsai A, Yezzi A,WellsW, TempanyC, TuckerD, FanA,GrimsonWE andWillskyA 2003A shape-based approach to the

segmentation ofmedical imagery using level sets IEEETrans.Med. Imaging 22 137–54
[27] XiaoX, Lian S, LuoZ and Li S 2018Weighted res-unet for high-quality retina vessel segmentation 9th International Conference on

Information Technology inMedicine and Education (ITME) (IEEE) pp 327–31
[28] Cai S, TianY, LuiH, ZengH,WuY andChenG2020Dense-unet: a novelmultiphoton in vivo cellular image segmentationmodel

based on a convolutional neural networkQuantitative Imaging inMedicine and Surgery 10 1275
[29] YuF, KoltunV and Funkhouser T 2017Dilated residual networks Proceedings of the IEEEConference onComputer Vision and Pattern

Recognitionpp 472–80
[30] Hu J, Shen L, Albanie S, SunG andVedaldi A 2018Gather-excite: exploiting feature context in convolutional neural networks

Advances inNeural Information Processing Systems 31
[31] Hu J, Shen L and SunG2018 Squeeze-and-excitation networksProceedings of the IEEEConference onComputer Vision and Pattern

Recognitionpp 7132–41
[32] Roy S, Koehler G,UlrichC, BaumgartnerM, Petersen J, Isensee F, Jaeger P F andMaier-HeinKH2023Mednext: transformer-driven

scaling of convnets formedical image segmentation International Conference onMedical ImageComputing andComputer-Assisted
Intervention (Springer) pp 405–15

14

Phys. Scr. 00 (2026) 000000 SMa andCShi

https://doi.org/10.1109/TETCI.2023.3309626
https://doi.org/10.1007/s10489-023-04782-3
https://doi.org/10.1016/j.simpat.2022.102653
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2102.04306
https://arxiv.org/abs/2107.05188
https://arxiv.org/abs/2109.03201
https://arxiv.org/abs/2109.03201
https://doi.org/10.1109/TMI.2024.3424471
https://doi.org/10.1109/ACCESS.2021.3121152
https://doi.org/10.1109/TMI.2002.808355
https://doi.org/10.21037/qims-19-1090


[33] HanD, YeT,HanY, Xia Z, Song S andHuangG2023Agent attention: on the integration of softmax and linear attention arXiv:2312.
08874

[34] CaoH,WangY, Chen J, JiangD, ZhangX, TianQ andWangM2022 Swin-unet: Unet-like pure transformer formedical image
segmentationEuropeanConference onComputer Vision (Springer) pp 205–18

[35] Xie E,WangW,YuZ, AnandkumarA, Alvarez JMand LuoP 2021 Segformer: simple and efficient design for semantic segmentation
with transformersAdvances inNeural Information Processing Systems 34 12 077 12 090

[36] ChenY,Dai X, ChenD, LiuM,DongX, Yuan L and LiuZ 2022Mobile-former: bridgingmobilenet and transformerProceedings of the
IEEE/CVFConference onComputer Vision and Pattern Recognitionpp 5270–9

[37] Shi C,XuC, BiH,ChengY, Li Y andZhangH2022 Lateral feature enhancement network for page object detection IEEETrans.
Instrum.Meas. 71 1–10

[38] HeidariM,Kazerouni A, SoltanyM,AzadR, AghdamEK,Cohen-Adad J andMerhofD 2023Hiformer: hierarchicalmulti-scale
representations using transformers formedical image segmentation Proceedings of the IEEE/CVFWinter Conference onApplications of
Computer Visionpp 6202–12

[39] WangH et al 2024 SAM-Med3D: towards general-purpose segmentationmodels for volumetricmedical images arXiv:2310.15161
[40] Wasserthal J et al 2023TotalSegmentator: robust segmentation of 104 anatomic structures inCT imagesRadiology: Artificial

Intelligence 5 e230024
[41] HanQ, FanZ,DaiQ, Sun L, ChengM-M, Liu J andWang J 2021On the connection between local attention and dynamic depth-wise

convolution arXiv:2106.04263
[42] XuC-h, Shi C andChenY-n 2021 End-to-end dilated convolution network for document image semantic segmentation Journal of

Central SouthUniversity 28 1765–74
[43] AtesGC,Mohan P andCelik E 2023Dual cross-attention formedical image segmentationEng. Appl. Artif. Intell. 126 107139
[44] IbtehazN andKiharaD 2023Acc-unet: a completely convolutional unetmodel for the 2020s International Conference onMedical

ImageComputing andComputer-Assisted Intervention (Springer)pp 692–702
[45] PangY, Li Y, Shen J and Shao L 2019 Towards bridging semantic gap to improve semantic segmentationProceedings of the IEEE/CVF

International Conference onComputer Visionpp 4230–9
[46] WeiH, Feng L, ChenX andB. A 2020Combating noisy labels by agreement: a joint trainingmethodwith co-regularization

Proceedings of the IEEE/CVFConference onComputer Vision and Pattern Recognitionpp 13726 13735
[47] Ambellan F, TackA, EhlkeMandZachowS 2019Automated segmentation of knee bone and cartilage combining statistical shape

knowledge and convolutional neural networks: data from the osteoarthritis initiativeMed. ImageAnal. 52 109–18
[48] AntonelliM et al 2022 Themedical segmentation decathlonNat. Commun. 13 4128
[49] LuoG et al 2023 Efficient automatic segmentation formulti-level pulmonary arteries: the PARSE challenge arXiv:2304.03708
[50] YeghiazaryanV andVoiculescu I 2018 Family of boundary overlapmetrics for the evaluation ofmedical image segmentation Journal

ofMedical Imaging (Bellingham) 5 015006
[51] EelbodeT, Bertels J, BermanM,VandermeulenD,Maes F, BisschopsR andBlaschkoMB2020Optimization formedical image

segmentation: theory and practicewhen evaluatingwith dice score or Jaccard index IEEETrans.Med. Imaging 39 3679–90
[52] CelayaA, Riviere B and FuentesD 2024A generalized surface loss for reducing the hausdorff distance inmedical imaging

segmentation arXiv:2302.03868

15

Phys. Scr. 00 (2026) 000000 SMa andCShi

https://arxiv.org/abs/2312.08874
https://arxiv.org/abs/2312.08874
https://doi.org/10.1109/TIM.2022.3201546
https://arxiv.org/abs/2310.15161
https://doi.org/10.1148/ryai.230024
https://arxiv.org/abs/2106.04263
https://doi.org/10.1007/s11771-021-4731-9
https://doi.org/10.1016/j.engappai.2023.107139
https://doi.org/10.1016/j.media.2018.11.009
https://doi.org/10.1038/s41467-022-30695-9
https://arxiv.org/abs/2304.03708
https://doi.org/10.1117/1.JMI.5.1.015006
https://doi.org/10.1109/TMI.2020.3002417
https://arxiv.org/abs/2302.03868

	马淑敏2023112015
	马淑敏 AE3441_unprotected



