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Abstract

3D medical images present significant challenges for segmentation due to the diversity of anatomical
structures, as well as regions with low contrast and noise. To address these issues and achieve precise
segmentation, we propose a Three Branch Dynamic Selection Network (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 CNN branch for capturinglocal
texture and spatial features, a Transformer branch for modeling global semantic information, and a
Hidden Connection (HC) branch for learning and reusing historical information from the encoding
stage. To efficiently integrate the extracted features, we introduce a Dynamic Selection (DS) module
that adaptively fuses multi-branch features. We conducted quantitative experiments on four MRI
and CT datasets (OAI-ZIB, Hippocampus, Parse, and Spleen), and TB-Net demonstrated overall
superior performance compared with the baseline methods across these datasets. On the OAI-ZIB
dataset, TB-Net achieved an average segmentation performance 0of 90.2% = 0.02 Dice, 0.5 £ 0.1 mm
ASSD, and 1.7 4 0.4 mm HD95 for femoral cartilage, representing improvements of 0.9% in Dice, a
0.1 mm decrease in ASSD, and a 0.2 mm decrease in HD95 compared with the second-best method.

1. Introduction

Medical image segmentation is crucial in various biomedical applications, playing a significant role in
diagnosing diseases, formulating treatment plans, implementing therapies, and quantifying the cancer
microenvironment. To alleviate the workload of medical practitioners and reduce the negative impact of
subjective factors associated with traditional manual segmentation methods [1, 2], numerous deep learning-
based medical image segmentation networks have been developed. These networks are capable of segmenting
regions of interest (ROIs) in medical image data from various modalities (such as CT, MR], etc.) that are of
concern to clinicians and biologists [3, 4]. However, the segmentation remains challenging due to issues in
three-dimensional medical images, such as edge blurriness and difficulty distinguishing between foreground
and background. Therefore, exploring more refined and accurate automatic segmentation methods is
necessary.

Over the past few decades, CNNs have made outstanding contributions to the field of computer vision
[5-7]. Since the introduction of U-Net [8], the U-shaped architecture has become mainstream in medical
image segmentation models. These methods [9-12] consist of convolutional blocks in the encoder to extract
features and a decoder to obtain segmentation results. Although CNN-based methods 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 been widely adopted in the field of computer vision, leading to the development of methods
such as UNETR [15], Swin Transformer [16], and TransUNet [ 17]. However, due to induction bias,

© 2026 IOP Publishing Ltd. All rights, including for text and data mining, Al training, and similar technologies, are reserved.
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Transformers require a large amount of labeled data for training, which is challenging in medical 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 of CNN and Transformer methods can be more effective
[19]. Many hybrid approaches [15, 17, 20-22] have achieved promising results across various tasks. Recent
methods such as SegMamba [23] and HiDiff [24] apply the Mamba architecture and diffusion models to image
segmentation. However, some existing hybrid methods may not effectively learn the features of either Trans-
former or CNN. For instance, TransUNet uses CNN as the encoder and only applies Transformer at the lower
levels, which may not effectively capture Transformer features. The features from CNN and Transformer 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 hybrid methods often overlook
the modeling of inter-layer relationships and fail to fully utilize low-level information, which may resultin
blurred segmentation boundaries.

To alleviate the aforementioned issues, this paper proposes a new three-branch Transformer-CNN hybrid
network, featuring dynamic selection and a hidden connection path for various 3D medical image segmenta-
tion tasks. To learn Transformer and CNN features, we have designed separate branches for each. To handle
dual-branch features and mitigate the weak inductive bias of the Transformer, we introduced a Dynamic Selec-
tion Module (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.

The main contributions of this work are as follows:

o This paper proposes a 3D three-branch interactive network with dynamic selection blocks and hidden
connections, which demonstrates good segmentation performance across medical datasets of varying scales.

o To facilitate rich information interaction, we introduce a dynamic fusion module to select information,
modeling the information from the dual-branch path to mitigate weak inductive bias.

e Weintroduce a hidden connection path to transfer historical information to the decoder in order to narrow
the semantic gap between the encoder and decoder.

e Infour segmentation tasks: OAI-ZIB, Hippocampus, Parse2022, and Spleen, TB-Net outperforms hybrid
Transformer-CNN methods or pure CNN approaches, demonstrating good generalization capability.

2.Related work

2.1. Classic CNN or transformer architecture networks

In the initial stages of segmentation research, traditional methods [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 the U-shaped architecture, which has since been widely adopted in the medical 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 field within CNN
architectures. For example, ConvNeXt [12] proposed by Woo et al employs a7 x 7 convolutional kernel and
increases the depth of the network to achieve impressive segmentation results; Yu [29] ef al proposed atrous
convolution, which increases the receptive field by expanding the sampling rate. Hu et al introduced GENet
[30] and SENet [31], which aggregate global information and compute weights for feature channels through
global average pooling to obtain more 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 by Mednext [32], convolutional blocks with scalable feeler fields were designed to alleviate
the above problem, allowing Convs 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 of CNNs. 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. Agent Attention proposed by Han [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 Swin Transformer designed by Liu [16] et al
utilizes a sliding window mechanism to compute attention only within 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 of medical image segmentation where data is scarce. To
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achieve better segmentation performance across datasets of varying scales, we employ CNN and Transformer
in parallel, leveraging their complementary strengths.

2.2.Hybrid network of CNN and transformer

Hybrid models that combine CNNs and Transformers have been applied in the field of vision and have
achieved notable successes. TransUNet, proposed by Chen [17] et al, stacks convolutional blocks and
Transformers in a serial manner, where the input first passes through convolutional layers and then is processed
by Transformers to compensate for the low-resolution features lacking detailed localization information
caused by Transformers. Segformer, introduced by Xie [35] et al, designs a hierarchical Transformer that does
not require positional encoding and utilizes only a few fully connected layers for the decoder. This design
enables adaptation to various resolutions. Peng [36] et al proposed Conformer, which processes 2D images by
designing parallel branches of Transformers and CNNs, using a fusion module 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-bridging method to fuse Transformers and CNNs, resulting
in high computational efficiency and strong expressiveness, though it leads to alow parameter sharing rate
between the two modules. Hiformer [38], proposed by Heidari e al integrates CNN and Transformer on 2D.
Although it uses the maximum and minimum level features in feature fusion, there are limitations when
reusing features at different scales. In addition, large models such as MedSAM3D [39] and TotalSegmentator
[40] have been proposed, which can perform high-precision, automated segmentation of multiple organs and
complex structures, significantly enhancing clinical efficiency and reproducibility. Currently, there are few
parallel architectures involving both Transformers and CNNs in the field of 3D medical image segmentation,
and how to effectively combine the features from both remains a topic worth exploring. According to our
experiments (table 6), simple fusion of CNN and Transform branching features yields poor performance,
possibly due to the introduction of redundant features. We found that a suitable feature fusion mechanism is
crucial for the success of parallel architectures.

2.3.Interaction between the encoder and decoder

In U-Net architectures, the semantic gap between the encoder and decoder may lead to suboptimal
segmentation results [41] obtained by the network. Most existing methods 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
effectively model global information [18, 42]. The U-Net 3+ [43] proposed by Huang 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 introduced DCA, 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 by Nabil et al, employs a patch-
based contextual aggregation method at the skip connections, which is contrary to window attention, to adjust
the outputs of multiple stages to the same size, striving to provide the network with rich cross-semantic
information. However, these methods lack modeling of sequential relationships and do not reuse historical
information, which may lead to segmentations with fuzzy boundaries. Distinguishing from the above methods,
we introduce a learnable path bridging encoder-decoder.

3.Method

The architecture of TB-Net isillustrated in figure 1(a), mainly including four parts: dual branching backbone,
hidden connection path, dynamic selection module, and decoders. The dual-branch backbone consists of
transformer blocks and CNN blocks, which are used to extract transformer features and CNN features,
respectively. To integrate the representations extracted from the two branches, we introduce a Dynamic
Selection Module (DS). Note that we design a Hidden Connection Path (HC) to model the sequential
relationships between levels. In addition, the output information from the dual-branch backbone and the DS
block is skip connected to the decoder.

3.1.CNN branch

To capture the details in the image and extract rich local features, we designed the CNN branch. The CNN
branch consists of five convolutional layers, each containing Dynamic Receptive Field blocks (DRF) and
downsampling blocks with a stride of 2. The structure of the DRF is shown in figure 1(b). The DRF 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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(a) TB-Net Framework for Medical Image Segmentation
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Figure 1. The overall framework of TB-Net. It consists of two parallel feature extraction paths (CNN encoder and Transformer
encoder), a parallel hidden connection learning path, and a dynamic selection module. (a) represents the overall structure of the
network. (b) shows the components of the CNN encoder. (¢) illustrates the Transformer blocks used in the Transformer branch.

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, to match the dynamic sensory field, we
utilize layer normalization in the composition of the DRF instead of batch normalization [46]. This process can
be expressed as:

RB = p(x) & p(p(x)). Q)
DRF = §(RB;(X) & RB,(X) & RB;(X)). )
F! = DRF(Y). 3)

In the formula, x denotes the input feature received by the current branch, Y denotes input, § indicates the layer
normalization(LN), y refers to the features processed by LN and depth-wise convolution(DWConv), and X
denotes the features after LN. @ denotes element-wise addition. RB; indicates the use of one residual block
(RB), with the other two being similar. F’ is the feature obtained after DRF, and n represents the layer number
wheren=1{1,2,3,4,5}.

3.2. Transformer branch

The Transformer branch is composed of transformers with moving windows, consisting of five stages, each
stage comprising 3D Swin-Transformer blocks. These blocks include self-attention mechanisms, sliding
window self-attention-based Transformers, as well as LN and MLP layers. As shown in figure 1(c), after the
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(d) Dynamic Selection (e) Hidden Connections
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Figure 2. (d) is the structural diagram of the dynamic selection block, which is a fundamental component of the DS. (e) displays the
hidden connection block, which is a basic unit of the hidden connection. Here, C denotes the concat operation. Fr and F/ are the
outputs of the " layer of the CNN and Transformer branches, respectively, while H" ' represent the features of the (n — 1) layer
of the hidden connection branch. Convlisal x 1 x 1 convolution block. The symbol ® indicates element-wise multiplication, and
@ denotes element-wise addition.

patch partition layer of the Transformer branch, input Y € RFXW*P 3 3D image with a spatial resolution of
H x W x Disdivided into patches of size P, x P,, X Pswith dimensions H/P;, x W/P,, x D/P; x S, where Sis
the dimension of the embedding. In subsequent layers, the input and output are shown in the following

equations:
FI'= W — MSA(S(EL_))) + EL_.. )
E = BS(E)) + Fy . ®)
Fl = SW — MSA(S(E) + F. (6)
El = B@ELD) + Fry. )

where F. "and E! il are the outputs after window multi-head self-attention(W-MSA) and moving window
multi-head self-attention(SW-MSA). n represents the layer number where{n =1, 2, 3,4, 5}.5 and S refer to
Layer Normalization and Multi-Layer Perceptron.

3.3. Dynamic selection block

To our knowledge, simply concatenating the feature maps from the CNN branch and the transformer branch
may lead to misalignment 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 from multiple source branches are embedded, enhancing the availability of
complex information. Forcing different branches to directly output features with the same dimension may
affect the effective extraction of information. Figure 2(d) illustrates the composition of the DS. Features are
aligned using 1x1x1 convolution before being concatenated. Here, FJf denotes the features output from the n ™"
layer of the transformer branch, while E denotes the features output from the n " layer of the CNN branch,
which can be formulated as:

F = 6(C(G(Fp), GF))). (®)

Where C, represents the 1 x 1 x 1 convolution operation, C denotes the concatenated features, and § indicates
layer normalization, while Fis the mixed feature after concatenation. To dynamically select the output features
from the two branches, we model the weights A; and \,. First, we construct the parameters wys4pand way p by
applying max 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 selection weights A; and \,.
This process is represented as:
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A1 = Y(C7(AVP (wrvp))). )
A = 7(C7(MAP (wwmap)))- (10)

Here, wayp = AVP(F) and wyap = MAP(F). v denotes the sigmoid activation function, and C, represents a
convolutional kernel of size 7. The processing of the DS block at the " layer can be represented as:

F'= (N ® G(Fp) & (A @ G(FD) + (Fr & FO). 1)

Where @ denotes element-wise addition, ® represents element-wise multiplication, and F" denotes the output
of the n™ dynamic convolution block(n = {1,2, 3, 4}). Notably, we also use residual connections within the
block.

3.4. Hidden connections

To model the inter-layer relationships, the Hidden Connection Path (HC) is introduced. By enabling the dual
backbone to learn shallow detail 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 learning matrix, which
enhances the robustness of the model [15]. The HC consists of n layers, where n = {1, 2, 3,4}, and each layer is
composed of Hidden Connection Blocks (HCB). The initial size of the zero-initialized matrixis H x W x D,
and each layer downsamples by half while learning historical information through the dual-branch extraction
path. The size of the feature map at each layeris H/2"~' x W/2"~! x D/2""" x 2"~'C, where Cis the number
of input image channels.

Specifically, the output of the Dynamic Selection module (DS) is connected to the output of the previous
Hidden Connection 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 capture more
relevant intermediate layer features M". To compress the information,a 1 x 1 x 1 convolutional block pro-
cesses M". The state features H" of the current layer are obtained through residual connections. This process
can be expressed as:

M = CL,(CL,(C(F", H""1))). (12)
M" = a(MAP(M)). (13)
H" = CGM™ @ H* L. (14)

Where Crepresents concat, CL; consists of a convolution block with a kernel size of 3, followed by batch
normalization(BN) and a ReLU activation function. CL, contains the same convolution block and BN as CL,.
Cyisal x 1 x 1 convolution. a represents SE attention, and MAP stands for max pooling. F" is the output of
the DS at the same layer.

3.5. Loss function
We use aloss function which combines the soft Dice loss and cross-entropy loss to accomplish the network’s
segmentation task. The loss function formulas are as follows:

N I
Losspice = 1 — EZ - Z’:1g1p1[+ S (15)
NS Y&+ i + €
1
Losscg = _Tgi logp, + (1 — g)log(1 — p)). (16)
Losstytar = L0Sspice + Lossck. (17)

Where N represents the number of classes;] is the number of voxels(H x W x D); g; denotes the ground truth
labels;p; represents the predicted map, and € is a smoothing factor to prevent division by zero. The network’s
total loss function is denoted as Loss oz,

4. Experiments

4.1. Datasets and evaluation metrics
To quantitatively 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 aknee joint cartilage dataset provided by the Osteoarthritis Initiative, comprising 507 3D MRI
images. The femoral and tibial cartilage in each image was manually annotated by experts. Each image has a size
of 384 x 384 x 160, with a voxel spacing 0£ 0.37 mm x 0.37 mm x 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

The Hippocampus dataset [48] is a header dataset aimed at segmenting two neighboring small structures with
high accuracy(anterior and posterior). The dataset is utilized in the Medical Segmentation Decathlon (MSD). It
contains MRI images from 394 patients, of which 263are designated for the training set and 131 for the test set.
The median image size is 35 x 50 X 36 with a spacingof 1.0 mm X 1.0 mm X 1.0 mm.

4.1.3. Spleen datasets

The Spleen dataset [48] is part of the Medical Segmentation Decathlon (MSD). It consists of 61 3D CT 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 X 0.79 mm X 0.79 mm, with an average image size of 187 x 512 x 512.

4.1.4. Parse2022 datasets

The Parse2022 dataset [49](Pulmonary Artery Segmentation), originating from MICCAI 2022, is a CT dataset
for pulmonary artery segmentation. It contains 100 publicly available images with corresponding labels. The
images have an average size of 512 x 512 x 301, with voxel spacing 0f 0.6543 mm x 0.6543 mm x 1.0 mm.

4.2. Evaluation metrics

To objectively compare the performance of different models, we used average symmetric surface distance
(ASSD) [50], dice similarity coefficient (DSC) [51], and 95th percentile Hausdorff Distance (HD95) [52] as
evaluation metrics.

4.3. Implementation details

Our network TB-Net is implemented on PyTorch version 1.10.1 and MONAI version 1.3.0. It is trained on one
RTX 4090 GPU by the AdamW optimizer with a momentum of 0.9 and initial learning rate of 0.0002. The
training was conducted for 300 epochs with batch size of 1. During training, to accommodate memory
constraints, the Spleen dataset uses randomly cropped patches of size 32 x 32 x 32 as input to the network,
whereas other datasets use patches of size 96 x 96 x 96. The samples are simultaneously normalized to the [0, 1]
range and subjected to transformations such as interpolation and random cropping. In addition, the datasets
are splitinto 80% for training, 10% for validation, and 10% for testing. The overlap rate for the sliding window
in the Transformer branch is set to 0.5.

5.Results

To validate the performance of our proposed TB-Net, we compared it with several 3D segmentation networks.
These networks can be broadly categorized into two types: pure CNN-based architectures and hybrid
architectures that combine CNNs with Transformers. This includes purely convolutional networks like V-Net,
3D U-Net, and nnU-Net, as well as CNN-based decoder networks such as Swin UNETR, UNETR, and
SegFormer, as well as large models like MedSAM3D. To ensure a fair comparison, all methods except for Swin
UNETR were not equipped with pre-trained weights.

5.1. Quantitative comparison on datasets

Table 1 shows the performance of different models in segmenting femoral cartilage (FC) and tibial cartilage
(TC). The columns for ’Femoral Cartilage’ and *Tibial Cartilage’ display the performance of various models
tested on the OAI-ZIB dataset. Quantitative results indicate that our method (TB-Net) surpasses all comparable
methods. Specifically, for FC, our proposed method achieves scores of 90.2% and 0.5 mm on the evaluation
metrics, Dice Similarity Coefficient (DSC) and Average Symmetric Surface Distance (ASSD), respectively.
Compared to the conventional nnU-Net, our method improves the DSC by 1.2%. While the basic nnU-Net has
an excellent framework and strategy, it lacks the incorporation of Transformer features. The increase here may
be attributed to the rich features extracted by the TB-Net encoder. The second-best model, Swin-UNETR,
which is based on Transformer with pre-trained weights, also shows an increase of 0.9% in the DSC metric and
adecrease of 0.1 mm in the ASSD metric. In TC segmentation, our method also outperforms both CNN-based
and Transformer-based methods, achieving the highest overall DSC and the lowest ASSD. This results in a DSC
thatisa 1.9% increase compared to 3D U-Net, demonstrating significant improvement. This enhancement is
likely due to our method’s ability to capture more comprehensive features compared to pure CNN-based
approaches. Additionally, the ASSD metric for our method is reduced by 2.7 mm compared to the
Transformer-based SegFormer, which may be attributed to the HC’s compression of supplementary shallow
information, leading to more refined segmentation boundaries. The experimental results demonstrate that our
method exhibits superior generalization capability.

7
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Table 1. Results of OAI-ZIB datasets. The best results are highlighted in bold. Statistical significance is computed by paired t-tests
with Holm-Bonferroni correction, comparing each baseline to ours. “”: p < 0.05;”:p < 0.01;*”:p < 0.001; n.s.: not

significant.
Femoral cartilage Tibial cartilage

Methods

DSC (%) ASSD (mm) HD95 (mm) DSC (%) ASSD (mm) HD95 (mm)
V-Net 87.7 £ 0.02"* 1.2+ 02" 1.9+ 0.6 84.1 +0.04™" 1.7 £ 0.3 2.6 £ 1.5
3D U-Net 89.0 & 0.02"" 0.8 £0.1"" 1.9 £0.6™" 85.0 & 0.04™" 1.0 £ 02" 2.4 413"
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 2.2 404" 84.0 + 0.04™* 3.2 £0.27" 43+ 13"
UNETR 88.3 & 0.02"" 0.7 £0.2""" 20+£0.7 85.3 £ 0.04™" 1.0 £ 03" 2.6 £ 1.7
Swin-UNETR 89.3 +0.02"*" 0.6 £+ 0.3™* 2.4+ 147 85.3 + 0.04™* 0.8 +0.2™* 2.9+ 1.3
Ours 90.2 £ 0.02 0.5+ 0.1 1.7 + 04 86.9 1 0.03 0.5+ 0.3 24+15

Table 2. Results of hippocampus datasets. The best results are highlighted in bold. Statistical significance is computed by paired

t-tests with Holm-Bonferroni correction, comparing each baseline to ours. “”: p < 0.05;:p < 0.01;*”:p < 0.001; n.s.: not
significant.
Anterior Posterior

Methods

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
3D U-Net 88.8 + 0.03™* 1.4 £ 0.1™ 1.5 4+ 0.6 87.3 4 0.03™* 1.3 +0.1" 1.5 £ 0.7™%
nnU-Net 90.0 4 0.03™** 1.5 4+ 0.1""" 1.4 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 4+ 3.0 85.0 4 0.04™* 2.1 +£02" 1.7 £ 0.8
UNETR 88.8 + 0.03™* 1.6 + 0.2°* 1.5 4+ 0.6 87.1 4+ 0.03™* 1.5+ 0.1" 1.5 £ 0.7™%
Swin-UNETR 89.3 £ 0.03™* 1.4 +0.17"" 1.5 4+ 0.6 87.9 £ 0.03™* 1.5 4+ 0.1™* 1.5 4+ 0.7™*
Ours 90.2 + 0.03 1.2 4+ 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 with Holm—
Bonferroni correction, comparing each baseline to ours. “: p < 0.05;

[EE2N Rk |

:p < 0.01;:p < 0.001; n.s.: not significant.

Methods DSC (%) ASSD (mm) HD95 (mm)
V-Net 92.7 £ 0.05™* 2.4+ 15" 3.7 £1.7™%
3D U-Net 94.2 +0.01""" 0.9 £0.2"" 1.9+ 1.1™
nnU-Net 96.0 +0.01™* 0.6 + 0.3™* 1.0 +£0.1™*
SegFormer 94.2 £+ 0.04™* 0.9 +0.3™* 1.4 +0.6™
UNETR 94.0 £ 0.02™* 0.9 £ 0.3"* 1.5+ 02"
Swin-UNETR 94.6 + 0.04™* 0.6 + 0.2™* 1.6 +0.8™*
MedSAM-3D 67.2 £0.2™* 2.9 + 14" 10.5 4 4.5™*
Ours 96.2 £ 0.01 0.9 +0.3 1.140.1

In order to validate the generalization capability of the proposed method for the segmentation of different
organs, we compared it with six different methods on the Hippocampus dataset. The comparison results are
shown in table 2. For the segmentation of the anterior region, our model TB-Net outperformed all methods,
achieving the highest overall DSC of 90.2% and the best ASSD of 1.2 mm. Compared to the third-best DSC
metric from Swin-UNETR, TB-Net shows outstanding performance with an increase of 1.4%. When compared
to the second-best ASSD metric from 3D U-Net, the ASSD is reduced by 0.2 mm. In the segmentation of the
posterior region, our proposed method is slightly lower than nnU-Net in DSC, but obtains the optimum in
ASSD metric. Compared to UNETR, the DSC improved by 1.2%. In contrast to SegFormer, the ASSD metric
decreased by 0.8 mm.

Table 3 presents the results on the Spleen dataset, the Dice score and Average Symmetric Surface Distance
of TB-Net are 96.2% and 0.9 mm, respectively. Compared with nnU-Net, our approach has a slight increase of
0.3 mm in the ASSD score, but it achieves the highest DSC score, making it the most accurate segmentation.
Relative to the popular Transformer-CNN hybrid method Swin-UNETR, TB-Net shows an improvement of
1.6% in the DSC. 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
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Table 4. Results of Parse2022 datasets. The best results are highlighted in
bold. Statistical significance is computed by paired t-tests with Holm—
Bonferroni correction, comparing each baseline to ours. “: p < 0.05;

CRskEd

p < 0.0L; :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™"
3D U-Net 70.0 + 0.06"* 1.3 £0.2"" 8.1 + 1.4
nnU-Net 85.8 +0.04™* 0.5+ 0.1 3.7 £0.6™
SegFormer 65.4 £ 0.05""" 1.7 £ 0.3 27.9 £ 54"
UNETR 81.0 & 0.04™** 1.0 £ 0.2" 5.8 +0.6™"
Swin-UNETR 85.1 & 0.04™ 0.5+ 0.1™* 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) GPU Mem (MB)
V-Net 45.60 96.00 29.27 770.62
3D U-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

networks. However, compared to UNETR, our method achieves a 2.2% improvement in DSC with only a slight
increase in the number of parameters. Regarding computational complexity, TB-Net is positioned at an aver-
age level among methods with 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 the models on the PARSE 2022 dataset. Although our method
ranks slightly below the best-performing nnU-Net in terms of the Dice coefficient, it achieves comparable per-
formance with nnU-Net on key boundary-accuracy metrics, including ASSD and the 95% Hausdorff distance
(3.7 mm), both reaching the optimal level. These results indicate that our method is competitive in terms of
overall segmentation accuracy and boundary precision.

Moreover, as shown in table 5, TB-Net (Ours) has 132.19 M parameters and 181.52 G FLOPs, placingitata
medium scale among the four Transformer-based models. Compared to Swin-UNETR (63.58 M parameters,
333.64 G FLOPs) and SegFormer (16.07 M parameters, 195.14 G FLOPs), TB-Net achieves high performance
while maintaining an acceptable inference time 0f 93.27 ms per volume and GPU memory usage of
1859.64 MB, indicating moderate computational cost. In contrast to traditional lightweight CNN models such
as 3D U-Net (1.64 ms per volume, but lower Dice than TB-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 segmentation with prac-
tical potential for clinical deployment.

5.2. Qualitative comparison on datasets

Figure 3 qualitatively illustrates the segmentation results of various models on the OAI-ZIB dataset. Each row
in figure 3 represents a comparison of segmentation examples from different methods. The purple color
indicates femoral cartilage, while green represents tibial cartilage. The first column displays segmentation
labels, followed by the segmentation results from TB-Net, 3D U-Net, VNet, nnU-Net, SegFormer, Swin
UNETR, and UNETR from left to right. It can be observed that in row (c), our method is more sensitive to
irregular shape segmentation, with similar conclusions reflected in row (b). In row (a), the three CNN-based
methods excessively smooth the segmentation edges, performing worse than the Transformer-based methods.
In our TB-Net model, edge segmentation is improved, showing a slope more similar to the labels.

Figure 4 qualitatively showcases the visual comparison between TB-Net and other comparison models on
the Hippocampus dataset. It is worth noting that while all methods achieve coarse-grained segmentation in the
Posterior region, our proposed TB-Net excels at capturing fine-grained edge features, resulting in impressive
segmentation performance. These qualitative and quantitative results highlight the excellent performance of
the proposed TB-Net in the Hippocampus segmentation task.

9
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VNet nnU-Net SegFormer Swin-UNETR UNETR

Femoral Cartilage I Tibial Cartilage

Figure 3. Visualization of the representative SOTAs segmentation results from five methods on the OAI-ZIB dataset. The purple and
green areas represent the femoral cartilage (FC) and tibial cartilage (TC), respectively.
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Figure 4. Visualization of the representative SOTAs segmentation results from four methods on the Hippocampus dataset. The blue
and yellow areas represent the Anterior and Posterior regions, respectively.

Figure 5 displays the visual segmentation results of seven methods on the Spleen dataset. The Spleen dataset
has alimited number of samples, making it challenging to train Transformer-based networks. However, as seen
in row (¢), our method still outperforms three CNN-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 performed Grad-CAM heatmap visualizations on the same samples from the OAI-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 the CNN branch providing complementary informa-
tion to the Transformer branch. Similarly, the HC branch shows attention to edge regions, as illustrated in the
third row of the sagittal slice in figure 6(b).

5.3. Ablation study

To evaluate the effectiveness of the several modules we proposed in the network, we conducted multiple
experiments on the OAI-ZIB, Hippocampus, and Spleen dataset. The baseline model consists of an encoder
constructed from a Swin Transformer and a decoder made up of convolutional blocks. We then added a CNN
branch to the baseline model, referred to as Model A. Next, we incorporated the DS module into Model A,
calling it Model B. By adding the HC module to Model A, we create Model C. Finally, by adding the HC module
to Model B (i.e., TB-Net), we obtain Model D. table 6 presents the experimental results of the various models.

10
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Label Ours 3D U-Net nnU-Net VNet UNETR SegFormer Swin-UNETR
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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 yellow box contains the enlarged detail view.

Coronal Sagittal Axial
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Figure 6. Visualization Heatmaps of Each Branch. The first row depicts visualizations for the Transformer branch, the second row
corresponds to the CNN branch, and the third row represents the HC branch. (a) shows results for the OAI-ZIB dataset, and (b)
shows results for the Spleen dataset. In the heatmaps, red and yellow indicate regions of high model attention.

Table 6. Ablation study on the spleen dataset.

Methods DSC(%) ASSD(mm)
baseline 94.2 + 0.01 0.94+0.3
Model A 93.7 £ 0.01 1.1+£0.3
Model B 94.3 + 0.01 14+£03
Model C 94.5 + 0.01 1.24+0.3
Model D 96.2 + 0.01 0.9 + 0.3

5.3.1. Experimental results with dual branches

To validate the effectiveness of the parallel encoder, we conducted experiments. The results on the OAI-ZIB
dataset are shown in table 7. Model A, which only adds a CNN auxiliary branch, did not improve the DSC
metric, and the ASSD remained unchanged, indicating that simply addinglocal convolutional information is
insufficient to significantly enhance segmentation performance. A similar trend was observed on the
Hippocampus dataset, as shown in table 8. Model A did not improve performance. Subsequent experimental
results demonstrate the necessity of introducing the DS module for information filtering.

11
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Table 7. Ablation study on the OAI-ZIB dataset.

Femoral cartilage Tibial cartilage

Methods

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
Model D 90.2 £ 0.02 0.5 4 0.01 86.9 £ 0.03 0.5 £ 0.03

Table 8. Ablation study on the Hippocampus dataset.

Anterior Posterior

Methods

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
Model D 90.2 + 0.03 1.2 £ 0.02 88.3 + 0.03 1.3 £+ 0.01

5.3.2. Effectiveness of the DS module

Table 6 indicates that the DS module helps to improve performance. When the DS module is equipped alone,
the DSCincreases by 0.1% (from 94.2% — 94.3%), while the model’s parameter count and computational
complexity remain largely unchanged. The DS module effectively emphasizes key features when faced with
different input data, enhancing segmentation performance. This may explain why Model B has a higher DSC
than Model A. This further underscores the importance of extracting rich features for segmentation accuracy.

5.3.3. Effectiveness of the HC module

To demonstrate the effectiveness of the HC module, we equipped it independently in Model A. Table 6 presents
the experimental results on the Spleen dataset. It can be noted that without the HC module, the baseline DSC
metric decreased by 0.3% compared to when it is included. In terms of the ASSD metric, the baseline improved
by 0.3 mm. This may be because the information compressed by the HC module, when fused with the dual-
branch backbone, generates redundant information in the absence of the DS module, thereby affecting the
segmentation boundaries, which confirms the effectiveness of the DS module. Furthermore, the enhancement
in segmentation performance of Model C may be attributed to the historical information retained by the HC
module.

5.3.4. Effectiveness of the dual branches, DS module, and HC module

As shown in table 6, when the DS module and HC module are simultaneously equipped on Model A, both the
DSC and ASSD metrics show significant improvement. Compared to the methods with Model B, the maximum
improvement reaches 2.1%. This indicates that the dual-branch backbone, DS module, and HC module can
mutually enhance each other. Experimental results demonstrate that the DS module can filter key features,
while the HC module can compress effective historical information to supplement the detail information
required for segmentation.

Furthermore, on the OAI-ZIB and Spleen datasets, we visualized Grad-CAM heatmaps for the same sam-
ples with and without the HC module, 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 the HC module. Similarly, the CNN branch
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
3D medical image segmentation. Our method achieves accurate segmentation on multiple datasets and
outperforms comparative approaches. TB-Net introduces a dynamic feature selection mechanism that
adaptively balances contextual features, structural details, and historical information across three

12
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Coronal Sagittal Axial

(a) (b)

Figure 7. Visualization of HC Module Ablation. The first and second rows display the visualizations of the Transformer (Trans)
branch with and without the HC module, respectively, while the third and fourth rows correspond to the CNN branch. (a) shows
results for the OAI-ZIB dataset, and (b) for the Spleen dataset. In the heatmaps, red and yellow regions indicate areas of high model
attention.

complementary branches. This design enables the model to better handle complex structures and regions with
blurred boundaries. However, this study still has some limitations. First, the multi-branch structure increases
computational cost and memory consumption, which may limit large-scale clinical deployment. Second, the
experiments were conducted on a limited number of datasets, and further validation on more diverse types of
medical images is needed. Future work will focus on developing lightweight solutions and extending the multi-
branch framework to other medical segmentation tasks to enhance model interpretability and clinical
reliability.

6. Conclusion
In this paper, we have proposed a three-branch dynamic selection network incorporating historical
information for 3D medical image segmentation. Our method achieved accurate segmentation on four

datasets, outperforming several comparison methods. Future research needs to optimize the computational
complexity of this method and further develop lightweight approaches.
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