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Abstract

Precise segmentation of pulmonary nodules in low-dose computed 

tomography is challenged by nodule heterogeneity, low contrast, and spatial 

overlap with adjacent anatomical structures. To address these issues, we propose 

CA-3DTransUNet, a segmentation framework based on the 3D-nnUNet 

architecture. The proposed network incorporates a Transformer 3D module in the 

bottleneck to model global volumetric dependencies and a CrossEMA3D module 

in the decoder to dynamically refine spatial features. Additionally, the wavelet 

transform is applied during the data preprocessing stage to augment input edge 

details. Evaluations on the LIDC-IDRI, LUNA16, and private BT datasets indicate 

the model's performance. Specifically, on the LIDC-IDRI dataset, the model 

achieved a Dice Similarity Coefficient of 91.85±0.43% [95% CI: 91.32–92.38], a 

Precision of 90.53±0.51%, and a Sensitivity of 93.12±0.42%. These results 

surpassed the hybrid architecture nnFormer, which attained a Dice score of 

89.48±0.52% (p = 0.014). These findings suggest that CA-3DTransUNet holds 

potential for the computer-aided analysis of pulmonary nodules.

Keywords: Volumetric Segmentation, Cross-Scale Interaction, Hybrid 

Architecture, Computed Tomography

1. Introduction

Lung cancer has emerged as one of the leading causes of cancer-related 

mortality worldwide1, making accurate early diagnosis critical for improving 

patient prognosis and increasing the five-year survival rate. Computed 

Tomography (CT) serves as the gold standard for pulmonary nodule screening 
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and is widely adopted in clinical practice.

However, the inherent heterogeneity of pulmonary nodules in morphology, 

texture, and density poses severe challenges for precise clinical diagnosis. This 

difficulty is compounded when nodules spatially overlap with adjacent 

anatomical structures—such as blood vessels and the pleura—which often exhibit 

highly similar grayscale intensities. Recently, deep learning techniques, 

particularly 3D CNNs (e.g., 3D-Unet2, V-Net3), have advanced volumetric 

medical image analysis by directly processing 3D data to reduce spatial feature 

loss compared to early 2D slice-based methods. Nevertheless, pure CNN 

architectures are fundamentally restricted by the local receptive fields of their 

convolutional kernels. This local inductive bias prevents them from fully 

leveraging global contextual information, making it difficult to differentiate 

nodules from anatomically similar backgrounds (e.g., vascular adhesion areas), 

often resulting in over-segmentation or under-segmentation4.

To enhance global modeling capabilities, recent studies have integrated 

Transformers into segmentation networks, resulting in hybrid architectures such 

as TransUNet5 and UNETR6. While these models achieve a better balance 

between local and global features, they still face a critical feature fusion 

bottleneck. Most methods predominantly employ simple concatenation or 

fixed-weight addition in their skip connections, which inadequately addresses the 

semantic gap between the high-level contextual features from the decoder and 

the low-level textural features from the encoder7. This misalignment introduces 

feature redundancy and degrades the model's sensitivity to challenging edge 

details, such as the blurred boundaries of ground-glass nodules (GGNs)8. 

Furthermore, many existing methods lack adaptive mechanisms tailored to 

nodule heterogeneity, limiting their generalization ability in complex clinical 

scenarios 9,10.

To address these specific limitations—namely the local inductive bias of 

CNNs and the semantic gap inherent in standard skip connections—this paper 

proposes CA-3DTransUNet, a novel volumetric segmentation framework. The 

core contributions of this work are twofold:

1. Mitigating Local Inductive Bias via Transformer 3D: We introduce a 

Transformer 3D Feature Enhancement Module at the encoder bottleneck. By 

leveraging a 3D self-attention mechanism to explicitly model long-range 
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volumetric dependencies, this module effectively compensates for the CNN's loss 

of global contextual information, improving the model's capacity to distinguish 

nodules from surrounding anatomical structures.

2. Bridging the Semantic Gap with CrossEMA3D: To overcome the feature 

redundancy caused by semantic misalignment in standard skip connections, we 

propose the CrossEMA3D Module. Utilizing a cross-dimensional attention 

mechanism (spatial-channel-depth), this module dynamically aligns and 

adaptively fuses multi-scale features from the encoder and decoder. This 

strategy effectively suppresses noise and significantly enhances the model's 

sensitivity to complex boundary details, such as GGN edges and vascular 

adhesion areas.

2. Related Work

Early approaches to lung nodule segmentation primarily relied on traditional 

image processing techniques, such as region growing11 and level-set methods12. 

However, these methods depend heavily on hand-crafted features and struggle 

to address the inherent challenges posed by heterogeneous nodule densities 

(e.g., ground-glass opacities) and diverse morphologies. With the advent of deep 

learning, Fully Convolutional Networks (FCNs) and U-Net13, with their 

encoder-decoder architectures and skip connections, have established the 

mainstream paradigm for medical image segmentation. To address the 

volumetric spatial continuity of CT data, 3D U-Net2 and V-Net3 extended 

convolutional operations into the volumetric domain, optimizing deep gradient 

propagation via residual connections. Addressing the minute and complex nature 

of pulmonary nodules, subsequent studies proposed targeted improvements: Ma 

et al.14 introduced attention mechanisms to focus on nodule regions; SKV-Net15 

utilized selective kernel convolutions to adaptively adjust receptive fields; and 

Lung_PAYNet16 employed pyramid attention to enhance feature extraction in 

low-dose CT images. Despite their strong local feature extraction capabilities, 

pure CNN architectures remain constrained by their limited receptive fields. As 

noted earlier, this restricts long-range dependency modeling, frequently leading 

to segmentation errors in anatomically complex regions where nodules share 

visual characteristics with adjacent tissues.  

To overcome the limitations of CNNs in long-range modeling, the 
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Transformer architecture17, originally applied in natural language processing, 

was introduced to medical imaging. The Vision Transformer (ViT)18 utilizes 

self-attention mechanisms to directly model global dependencies, catalyzing a 

surge of research into hybrid CNN-Transformer architectures. TransUNet19 

pioneered the embedding of Transformers into the U-Net bottleneck to capture 

global context, while UNETR20 employed a pure Transformer encoder coupled 

with a CNN decoder for volumetric data processing. To balance computational 

efficiency and performance, TransBTS21 and Swin-Unet22 introduced 3D CNN 

preprocessing and hierarchical shifted window mechanisms, respectively. 

Although Li et al.23 recently achieved high accuracy through dual-attention 

feature reorganization, existing hybrid models still exhibit significant 

shortcomings in feature fusion strategies. Most methods rely on simple 

concatenation or summation to connect the encoder and decoder, ignoring the 

substantial semantic gap between the high-level semantic features extracted by 

Transformers and the low-level textural features extracted by CNNs. This 

mismatch introduces redundant information into skip connections, making 

precise boundary reconstruction difficult, particularly for ground-glass nodules 

(GGNs) with blurred edges.

Unlike conventional organ segmentation, pulmonary nodule segmentation 

faces the unique challenges of "small object" detection and severe class 

imbalance. Although Res-UNet++24 and DRS-CNN25 have attempted to improve 

boundary sensitivity through deep supervision mechanisms, the robustness of 

existing models remains insufficient when dealing with vascular adhesion areas 

that exhibit grayscale intensities highly similar to normal tissue. Furthermore, 

the scarcity of high-quality 3D annotated data further constrains model 

generalization capabilities26. While weakly supervised methods like 

WS-LungNet27 attempt to mitigate label dependency via adversarial learning, 

fully supervised learning remains the preferred solution in clinical settings 

where high precision is paramount. However, existing high-performance models 

are often associated with high computational burdens and rarely optimize for the 

efficient utilization of features in data-constrained scenarios.

3. Method

3.1 Proposed methodology
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This section presents the proposed framework for volumetric pulmonary 

nodule segmentation. As depicted in Figure 1, the overall workflow comprises a 

systematic data preparation phase followed by the training and inference of the 

CA-3DTransUNet.

Given the inherent variability in CT imaging protocols and the heterogeneity 

of nodule morphology, a standardized data preparation pipeline is established as 

a prerequisite for robust network training. This phase primarily involves voxel 

spacing resampling to unify physical resolutions, intensity normalization to 

standardize Hounsfield Unit (HU) distributions, and the generation of localized 

patches via center cropping. Furthermore, a wavelet transform is selectively 

applied to enhance high-frequency textural details, thereby facilitating the 

network's capacity to discern subtle boundary features against complex 

backgrounds.

The cornerstone of the proposed methodology is the CA-3DTransUNet, a 

novel segmentation architecture engineered to synergistically model long-range 

global dependencies and fine-grained local details. Distinguished from 

conventional hybrid models, this network incorporates two key innovations: the 

Transformer 3D Feature Enhancement Module and the CrossEMA3D fusion 

mechanism (detailed in subsequent sections). These components are explicitly 

designed to mitigate the risks of overfitting and to address the challenges of 

segmenting small objects with ambiguous boundaries. Finally, the model's 

efficacy is rigorously validated on public datasets through quantitative 

assessment using standard clinical metrics, including the Dice Similarity 

Coefficient (DSC), sensitivity, and precision.
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Figure 1 The overall flow chart of the experiment, illustrating the stages from 
raw CT data preprocessing and wavelet enhancement to CA-3DTransUNet 
training and clinical metric validation.

3.2 Overall framework overview

The proposed CA-3DTransUNet is designed for the precise volumetric 

segmentation of pulmonary nodules. Building upon the foundational 

3D-nnUNet28 framework, our architecture integrates advanced mechanisms to 

collaboratively model local textural details and global contextual dependencies. 

As detailed in the Network Architecture Diagram (Figure 2), the raw CT volumes 

first undergo a wavelet transform-based preprocessing step prior to entering the 

network. This operation decomposes the 3D volumes into multi-scale frequency 

subbands, enhancing high-frequency details such as nodule edges while 

suppressing background noise. The standardized input volumes, denoted as X∈

RC×64×64×64(where C represents the channel dimension), are then fed into the 

encoder's initial Dynamic Conv Block, ensuring that the model receives 

discriminatively enriched feature representations from the onset.

The encoder employs a series of Dynamic Conv Blocks to extract local 

features, progressively reducing the spatial resolution through successive 

downsampling operations from 643 to 323, 163, 83

, and finally to a bottleneck resolution of 43. While Convolutional Neural 

Networks (CNNs) excel at extracting local features, they are inherently limited in 

capturing long-range dependencies. To address this limitation, we integrate a 

Transformer 3D Module at the encoder-decoder bottleneck. By utilizing 

multi-head self-attention mechanisms, this module explicitly models global 

spatial dependencies, thereby enhancing the semantic discriminability of the 

features passed to the subsequent stage. The decoder then reconstructs the 

spatial resolution through iterative upsampling steps, scaling the features back 

from 43 to the original 643 resolution. To mitigate the semantic gap typically 

found in standard skip connections, we introduce the CrossEMA3D Module, 

which is strategically embedded to facilitate adaptive cross-scale feature 

interaction. This module dynamically weighs and fuses global context from the 

decoder with local details from the encoder, optimizing the spatial 

representation for accurate boundary delineation. 

Finally, the segmentation mask is generated via a concluding convolutional 
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layer that precisely delineates the nodule's spatial location. The entire network 

configuration adheres to the adaptive principles of the 3D-nnUNet paradigm. 

Specifically, the subsampling frequency is determined dynamically based on the 

smallest dimension of the input volume, and convolutions employ mixed kernel 

sizes and channel configurations to maximize receptive field efficiency. 

Furthermore, skip connections dynamically select between concatenation or 

summation with channel alignment performed via 1×1 convolutions, and Batch 

Normalization (BN) is automatically applied following all convolutional layers to 

ensure training stability. By effectively combining the hierarchical feature 

extraction of CNNs with the global context modeling of Transformers and the 

adaptive fusion of CrossEMA3D, the CA-3DTransUNet architecture enhances 

segmentation robustness for pulmonary nodules.

Figure 2 CA-3DTransUNet Network Structure Diagram, highlighting the 

hierarchical encoder-decoder path with integrated Transformer 3D and 

CrossEMA3D modules for multi-scale feature fusion.

3.3 Transformer 3D 

To capture the explicit long-range volumetric dependencies required to 

contextualize nodules among surrounding structures, we integrate the 

Transformer 3D Module at the encoder bottleneck. As illustrated in Figure 3, this 

module leverages a self-attention mechanism to model global spatial interactions. 

The mathematical formulation of the module is detailed below.
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Figure 3 Transformer 3D structure diagram, detailing the 3D patch partitioning, 

linear embedding, and multi-head self-attention mechanisms used for global 

volumetric modeling.

3.3.1. 3D Patch Partitioning and Linear Embedding

Given the preprocessed input feature map V∈RCin×D×H×W, where Cin 

denotes the channel dimension and (D,H,W) represent the spatial dimensions, 

we first serialize the volume into a sequence of patches to satisfy the input 

requirements of the Transformer. The volume V is partitioned into 

non-overlapping 3D patches of size s×s×s (with s=4 in this implementation). 

The total number of patches is denoted as N=ND×NH×NW, where ND=⌊D/s⌋, 

NH=⌊H/s⌋, and NW=⌊W/s⌋.

Each flattened 3D patch pi∈RCin⋅s3 is mapped to a latent vector xi∈Rdmodel 

via a learnable linear projection, where dmodel is the embedding dimension (set 

to 512). This process is defined in Equation (1):

xi=Wp⋅pi+bp, i=1,…,N (1)

where Wp∈Rdmodel×(Cin⋅s3) is the projection matrix, and bp is the bias term. 

The resulting sequence of patch embeddings is denoted as X=[x1,x2,…,xN]∈

RN×dmodel.

3.3.2. 3D Positional Encoding
Since the self-attention mechanism is permutation-invariant, it lacks inherent 

knowledge of the spatial arrangement of the patches. To preserve volumetric 

spatial information, we inject absolute positional encodings into the embeddings. 
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We employ a standard sine-cosine formulation extended to 3D coordinates. For a 

patch at spatial index (d,h,w), the encoding for the k-th dimension of the feature 

vector is calculated as:

PEk
(d,h,w)={sin( ωk⋅pos), if k=2i

cos( ωk⋅pos), if k=2i+1 (2)

where pos represents the coordinate index in the respective dimension, and 

the frequency term is given by ωk=1/100002i/dmodel. The positional encodings are 

added element-wise to the patch embeddings to form the input to the 

Transformer layers:

Z0=X+PE (3)

where PE∈RN×dmodel represents the aggregated positional encoding matrix.

3.3.3. 3D Multi-Head Self-Attention (3D-MHSA)
The 3D-MHSA layer is the core component for capturing global dependencies. 

It projects the input sequence Z into Query (Q), Key (K), and Value (V) 

representations using three independent linear transformations, as shown in 

Equation (4):

Q=ZWQ, K=ZWK, V=ZWV (4)

where WQ,WK,WV∈Rdmodel×dmodel are learnable weight matrices.

To enable multi-scale representation learning, these matrices are split into h 

parallel attention heads (where h=8). For the i-th head, the scaled dot-product 

attention is computed as:

Attni(Qi,Ki,Vi)=Softmax(QiKT
i

dk ) Vi (5)

Here, dk=dmodel/h serves as a scaling factor to prevent gradient vanishing in 

the Softmax function due to large dot-product magnitudes. The outputs from all 

h heads are concatenated and linearly projected to generate the final attention 

output:

MHSA(Z)=Concat (Attn1,…,Attnh)WO+bO (6)

where WO∈Rdmodel×dmodel is the output projection matrix.

3.3.4. Residual Connection and Multilayer Perceptron (MLP)
To facilitate gradient propagation and improve training stability in deep 

networks, we employ residual connections and Layer Normalization (LN). 

Adopting the Pre-Norm architecture (as illustrated in Figure 3), normalization is 

applied before the attention and feed-forward networks, which has been shown 
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to improve convergence in Transformer models.

First, the input sequence Z is normalized and then processed by the 

3D-MHSA module. The result is added to the original input via a residual 

connection, as formulated in Equation (7):

Z'=MHSA(LN(Z))+Z (7)

Subsequently, the intermediate sequence Z' undergoes a similar process. It 

is passed through Layer Normalization before entering the MLP block. The MLP 

comprises two linear transformations with a GELU activation function in 

between, formally expressed as:

MLP(x)=W2⋅GELU (W1x+b1)+b2 (8)

where W1∈R4dmodel×dmodel expands the feature dimension to enhance 

expressivity, and W2∈Rdmodel×4dmodel projects it back. The Gaussian Error Linear 

Unit (GELU) is defined as GELU(x)=xΦ(x), where Φ(x) is the cumulative 

distribution function of the standard normal distribution.

The final output of the Transformer 3D module, denoted as Ztrans, is 

obtained via the second residual connection:

Ztrans=MLP(LN(Z'))+Z' (9)

Finally, the sequence Ztrans is reshaped back to the volumetric format 

RD'×H'×W'×C to integrate with the subsequent convolutional decoder.

3.4 CrossEMA3D

To bridge the aforementioned semantic gap between high-level decoder 

features and low-level encoder features, we replace standard U-Net skip 

connections with the CrossEMA3D Module (illustrated in Figure 4). This module 

is designed to dynamically refine spatial feature representations through three 

integrated mechanisms: Decoupled Dimensional Pooling, Cross-Scale Attention, 

and Dynamic Convolution.
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Figure 4 CrossEMA3D structure diagram, showing the three zones of decoupled 
pooling, cross-scale attention weighting, and dynamic convolution for adaptive 
feature refinement.

3.4.1. Decoupled Dimensional Pooling

Given an input feature map X∈RC×D×H×W (where C denotes the channel 

dimension), we employ a decoupled pooling strategy to explicitly capture 

anisotropic contextual information along orthogonal spatial axes. Unlike 

standard isotropic pooling, this approach isolates feature dependencies along the 

depth (D), height (H), and width (W) dimensions.

Specifically, we apply adaptive max-pooling along each axis while preserving 

the other two dimensions.

For the Depth-Dimensional Pooling (Pool_D), we fix the height and width, 

and pool along the depth axis. The resulting feature map XD∈RC×D'×H×W (where 

D'=D/2) is calculated as:

XD(c,d',h,w)= max
k∈[2d'−1,2d']

X (c,k,h,w) (10)

Similarly, Height-Dimensional Pooling (Pool_H) and Width-Dimensional 

Pooling (Pool_W) generate feature maps XH∈RC×D×H'×W and XW∈RC×D×H×W' 

via Equation (11) and Equation (12), respectively:

XH(c,d,h',w)= max
k∈[2h'−1,2h']

X (c,d,k,w) (11)

XW(c,d,h,w')= max
k∈[2w'−1,2w']

X (c,d,h,k) (12)

Following pooling, the feature maps XD,XH,XW are upsampled to the 

original spatial resolution (D×H×W) using trilinear interpolation. These 
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re-scaled maps are then concatenated with the original input X to form a 

multi-scale composite feature set Fpool∈R4C×D×H×W.

3.4.2. Cross-Scale Attention Modeling
To effectively fuse these multi-view features, we employ a Cross-Scale 

Attention mechanism that dynamically recalibrates the importance of each 

component in Fpool.

First, we aggregate global spatial information into a channel descriptor via 

Global Average Pooling (GAP). The pooled vector fgap∈R4C is computed as:

fgap=
1

D⋅H⋅W
D
∑

d=1

H
∑

h=1

W
∑

w=1
F

pool
(c,d,h,w) (13)

To capture inter-scale dependencies, fgap is projected into a query vector 

qcross and a key vector kcross via linear transformations:

qcross=Wqfgap, kcross=Wkfgap (14)

where Wq,Wk∈Rdcross×4C are weight matrices, and dcross is the attention 

dimension (set to C/4). We then compute the attention scores A∈R4 to weight 

the four feature components (Original, Depth-pooled, Height-pooled, 

Width-pooled). The attention weights are derived using a softmax function:

A=Softmax(qT
crosskcross

dcross ) (15)

Note: Depending on the specific implementation (channel-wise vs. 

group-wise), the dimensionality of A might be adjusted. Here, we assume a 

group-wise re-weighting for clarity.

Finally, the fused feature map Fattn∈RC×D×H×W is obtained by the weighted 

summation of the four components in Fpool  according to A.

3.4.3. Dynamic Convolution Reparameterization
To handle the high heterogeneity of pulmonary nodules (e.g., varying 

textures between solid and ground-glass nodules), we incorporate Dynamic 

Convolution. Unlike static convolutions, this method generates kernel 

parameters adaptively based on the input features.

A lightweight parameter generation network G(⋅) takes the attention-refined 

features Fattn as input. To ensure the generated weights represent a normalized 

attention distribution while allowing flexible threshold adjustments for the 
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biases, the network output is decoupled. Specifically, a Softmax function is 

applied selectively to the weight component:

[Zw,Zb]=Conv2(ReLU(Conv1(Fattn)))
Wdyn=Softmax(Zw), bdyn=Zb

 (16)

Here, [Zw,Zb] denotes the channel-wise splitting of the generator's raw 

output. The Softmax activation ensures that ∑ Wdyn=1, allowing the network to 

adaptively aggregate kernels based on the input context. Conversely, the bias 

term bdyn remains linear (unconstrained) to preserve its capacity for regulating 

activation thresholds. Wdyn represents the generated kernel of size C×C×k×k×

k

 (with k=3). The dynamic convolution is then performed as:

Fdyn=Fattn∗Wdyn+bdyn (17)

where ∗ denotes the convolution operation. To facilitate gradient flow, a 

residual connection is applied, followed by Layer Normalization, yielding the 

final output of the module:

Yout=LayerNorm(Fdyn+Fattn) (18)

This output Yout serves as the enhanced feature representation passed to 

the subsequent decoder block.

4. Experiment And Result

4.1 Datasets and Ethical Considerations

To evaluate the performance of the proposed CA-3DTransUNet, we 

conducted experiments using three pulmonary nodule datasets: the Lung Image 

Database Consortium and Image Database Resource Initiative (LIDC-IDRI)29, the 

LUng Nodule Analysis 2016 (LUNA16)30, and an in-house private dataset 

(referred to as BT). Detailed specifications for each dataset are presented in 

Table 1. All datasets comprise CT image data paired with voxel-level ground 

truth (GT) labels.

Ethical Approval All procedures involving human participants were 

conducted in strict accordance with the Declaration of Helsinki (2013 revision) 

and the Guidelines for the Protection of Human Subjects in Medical Research 

issued by the National Health Commission of the People's Republic of China. For 

the public datasets (LIDC-IDRI and LUNA16), specific ethical approval was 

waived as the data are de-identified and publicly accessible. For the private BT 

dataset, the study protocol was approved by the Ethics Committee of the Second 
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Affiliated Hospital of Baotou Medical College, Inner Mongolia University of 

Science and Technology (Approval No. 2024-ZX-024). Written informed consent 

was obtained from all patients prior to data collection. All personal health 

information was anonymized to ensure compliance with relevant privacy 

regulations. The datasets were partitioned into training and validation sets as 

detailed in Table 1.

Table 1. The details of the database used in this study are divided into training 

and verification.

Dataset Total images Train images Validation 
images

LIDC-IDRI 2653 2122 531

LUNA16 1186 949 237

BT 1200 960 240

4.2 Data preprocessing

Given the variability in acquisition protocols across different scanners, a 

standardized preprocessing pipeline is a prerequisite for robust model training. 

As illustrated in Figure 5, our pipeline comprises three stages: intensity 

standardization, spatial normalization, and wavelet-based feature enhancement.

Figure 5 The standardized data preprocessing pipeline, encompassing intensity 

standardization (HU truncation and normalization), spatial transformation 

(resampling and cropping), and wavelet-based feature enhancement for 

high-frequency detail isolation.
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4.2.1. Intensity Standardization and Spatial Normalization

Raw CT scans exhibit significant variations in density ranges. To focus on 

pulmonary structures, we apply a windowing operation to the input volume Vraw. 

We truncate voxel intensities to the range [−1000,400] Hounsfield Units (HU), 

covering the spectrum from air to dense bone. The truncated volume Vclip is 

defined in Equation (19):

Vclip(i)= min( max( Vraw(i),−1000),400) (19)

Subsequently, we normalize these values to the interval [0,1] to facilitate 

gradient propagation during training, yielding the standardized volume Vnorm:

Vnorm(i)=
Vclip(i)−(−1000)

400−(−1000)  (20)

Following intensity standardization, we address the heterogeneity in voxel 

spacing. All volumes are resampled to an isotropic resolution of 1.0×1.0×1.0 

mm using spline interpolation. From these resampled volumes, Volumes of 

Interest (VOIs) of size 64×64×64 are cropped around the nodule centroids. For 

nodules with annotations from multiple radiologists, we compute the consensus 

ground truth mask via centroid clustering analysis to mitigate inter-observer 

variability.

4.2.2. Wavelet-Based Feature Enhancement

Traditional spatial preprocessing often fails to disentangle nodule textures 

from complex backgrounds, particularly for Ground-Glass Nodules (GGNs) with 

low contrast. To mitigate low contrast issues, we apply a standard 3D Discrete 

Wavelet Transform (DWT) to decompose the standardized volume Vnorm into 

multi-scale frequency sub-bands. This decomposition separates the signal into 

low-frequency components (approximating global topology) and high-frequency 

components (capturing fine-grained details).

Low-Frequency Sub-bands: Preserve the overall morphological structure of 

the nodule and its positioning relative to the lung parenchyma.

High-Frequency Sub-bands: Amplify subtle textural variations, such as the 

faint edges of GGNs and the internal calcification patterns of solid nodules.

By explicitly isolating these high-frequency details, the network can more 

effectively suppress background noise (e.g., vessel cross-sections) while 

enhancing boundary sensitivity. The impact of this transformation on feature 

discriminability is qualitatively summarized in Table 2.
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Table 2. Results of CT Image Preprocessing With and Without Wavelet 

Transform.

Aspect Without Wavelet 

Transform

With Wavelet Transform

Edge Clarity Nodule edges blurry, hard 

to distinguish from 

surroundings.

Nodule edges sharpened, 

clear transition from 

surrounding tissue.

Noise Background noise 

(vessels, lung texture) mixes 

with nodules.

Background noise 

suppressed, nodules stand out.

Internal 

Details

Nodule internal density 

differences (e.g., 

solid/ground-glass in subsolid 

nodules) poorly defined.

Nodule internal details 

(calcification, cavitation) 

enhanced, layered structure 

clear.

Segmentation 

Impact

Prone to missegmentation 

(false negatives/positives), 

unstable for low-contrast 

nodules.

Reduces missegmentation, 

enables accurate contour 

capture (even for <5mm 

nodules), supports subtype 

classification.

4.3 Implementation Details

All experiments were implemented using the PyTorch framework and 

executed on a single NVIDIA GeForce RTX 3090 GPU (24 GB VRAM). To ensure 

robust performance evaluation, we employed a five-fold cross-validation strategy. 

To guarantee a fair comparison and maintain strict reproducibility, all 

models evaluated in this study (including all baselines in Section 5.2) were 

trained from scratch under a unified training protocol. We employed the Adam 

optimizer with an initial learning rate of 1×10−4 and a momentum term of β1

=0.9, β2=0.999. The batch size was set to 8. To enhance model generalization 

and mitigate overfitting, we applied on-the-fly data augmentation, specifically 

random horizontal and vertical flips. The network was trained for a maximum of 

300 epochs. An early stopping mechanism was implemented to terminate 

training if the validation loss did not improve for 10 consecutive epochs. The 

final reported metrics are presented as the mean ± standard deviation (SD) 
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across all five folds to demonstrate both the performance and robustness of the 

model.

4.4 Loss functions

Pulmonary nodule segmentation poses a challenge due to severe class 

imbalance, where the volumetric occupancy of target nodules is negligible 

compared to the background context. To mitigate the resultant optimization bias 

and ensure robust boundary delineation, we employ a hybrid objective function 

that synergizes pixel-level classification with region-based overlap optimization. 

The total loss function, Ltotal, is formulated as the weighted sum of Binary 

Cross-Entropy (BCE) and Intersection over Union (IoU) losses, as defined in 

Equation (21):

Ltotal=λ1Lw
BCE+λ2Lw

IoU (21)

where Lw
BCE and Lw

IoU denote the weighted BCE and IoU components, 

respectively. To balance the pixel-level classification accuracy and the 

region-based overlap optimization, the weighting coefficients were empirically 

set to λ1 = 0.4 and λ2 = 0.6 in all our experiments. Specifically, the weighted 

BCE term addresses the pixel-wise classification accuracy; by introducing 

class-balancing weights, it penalizes misclassifications of the minority class 

(nodules) more heavily, thereby refining voxel-level probability distributions and 

stabilizing gradient propagation. Complementing this, the region-based weighted 

IoU loss directly optimizes the segmentation metric by maximizing the global 

volumetric overlap between the prediction and the ground truth. Unlike 

pixel-wise losses which may ignore spatial consistency, Lw
IoU enforces structural 

awareness and is robust to scale variations. Consequently, the joint optimization 

of these complementary constraints effectively suppresses false positives in 

complex backgrounds while ensuring the topological integrity of small, irregular 

nodules.

4.5 Evaluation measure

Quantitative results are expressed as mean ± standard deviation (SD) 

alongside their 95% Confidence Intervals (CIs) to provide a clearer measure of 

estimate precision. To validate the statistical significance of the performance 

improvements, we performed paired t-tests between our CA-3DTransUNet and 

the baseline methods (e.g., nnFormer, 3D-nnUNet). We report exact p-values for 
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these comparisons, with 0.05 considered statistically significant.

To quantitatively assess the segmentation performance of CA-3DTransUNet, 

we adhere to standard protocols in medical image analysis and employ a 

multidimensional evaluation system comprising the Dice Similarity Coefficient 

(DSC), Precision, and Sensitivity. The Dice Similarity Coefficient (DSC) serves as 

the primary metric for measuring the volumetric overlap between the 

segmentation result and the ground truth. It is mathematically defined in 

Equation (22):

DSC=
2|G∩P|
|G|+|P| =

2TP
2TP+FP+FN  (22)

where G and P denote the voxel sets of the ground truth and the predicted 

segmentation, respectively, and |⋅| represents the set cardinality. In terms of 

voxel-level classification, TP, FP, and FN correspond to true positives, false 

positives, and false negatives. A higher DSC indicates superior geometric 

correspondence between the predicted nodule boundaries and expert 

annotations. To evaluate the reliability of positive predictions, we utilize 

Precision (also known as Positive Predictive Value), which measures the 

proportion of correctly identified nodule voxels among all voxels predicted as 

nodules. As calculated in Equation (23):

Precision=
TP

TP+FP  (23)

High precision is clinically crucial for reducing false alarms, such as 

misidentifying blood vessels as nodules, thereby minimizing unnecessary patient 

anxiety. Furthermore, Sensitivity (or Recall) measures the model's ability to 

detect all nodule voxels present in the ground truth, defined in Equation (24):

Sensitivity=
TP

TP+FN  (24)

In pulmonary nodule screening, high sensitivity is paramount to ensure that 

early-stage, small, or low-contrast nodules (e.g., ground-glass opacities) are not 

overlooked, directly reducing the rate of missed diagnoses. By optimizing these 

three metrics, our method aims to achieve a balance between accurate boundary 

delineation, low false-positive rates, and high detection rates.

To further validate the reliability of the experimental results, a statistical 

significance analysis was conducted based on the five-fold cross-validation data. 

We employed a paired t-test to compare the Dice Similarity Coefficient (DSC) of 

the proposed CA-3DTransUNet with the competing baseline methods (e.g., 
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3D-nnUNet and nnFormer). A p-value of less than 0.05 (𝑝 < 0.05) was considered 

statistically significant. All performance metrics reported in the tables represent 

the average values derived from the five cross-validation folds.

5. Results and Analysis

5.1 Loss function evaluation

To rigorously validate the efficacy of the proposed hybrid objective function, 

we performed comprehensive comparative experiments against three standard 

loss functions: Dice loss, Binary Cross-Entropy (BCE) loss, and Focal loss. All 

models were trained under identical hyperparameters to ensure a fair and 

unbiased comparison. Specifically, to evaluate the efficacy of the loss functions 

independently of architectural variations, all standard loss functions (Dice, BCE, 

Focal) and our proposed hybrid loss were trained and evaluated using the 

finalized CA-3DTransUNet architecture. The quantitative benchmarks are 

detailed in Table 3.

As evidenced by the results, the model trained with our proposed hybrid loss 

consistently outperformed the baseline methods across all evaluation metrics on 

the LIDC-IDRI, LUNA16, and BT datasets. Specifically, on the LIDC-IDRI dataset, 

our method achieved a DSC of 91.85±0.43% [95% CI: 91.32–92.38], Precision of 

90.53±0.51%, and Sensitivity of 93.12±0.42%. This represents a substantial 

improvement over the standard Dice loss (85.22±0.82% DSC, p = 0.002) and BCE 

loss (78.48±1.15% DSC, p < 0.001). While Focal loss offered marginal 

improvements by addressing class imbalance (82.31±0.91% DSC), it still lagged 

behind our proposed method (p = 0.001). Furthermore, the lower standard 

deviation observed in our results (0.43vs.1.15 for BCE) suggests that our hybrid 

loss induces more stable convergence during training. Similar robust 

performance gains were observed on the LUNA16 and BT datasets, where our 

method achieved DSC scores of 89.65±0.54% and 87.62±0.63%, respectively.

The superior performance is attributable to the synergistic formulation of the 

loss function. Standard BCE, while effective for pixel-wise classification 

probabilities, often struggles to maintain global structural consistency. 

Conversely, Dice loss explicitly optimizes for overlap but can exhibit gradient 

instability when dealing with small targets. By integrating weighted BCE with 

IoU-based constraints, our dual-mechanism approach simultaneously enforces 
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pixel-level accuracy and volumetric coherence. This effectively mitigates the 

impact of severe class imbalance and enhances boundary delineation for 

irregular nodules, whereas relying exclusively on a single loss function yields 

suboptimal local minima.

Table 3. Performance of loss functions across three datasets. Values are 

presented as Mean ± SD along with their calculated [95% CI].

Loss 
Functio

n

DSC(%)
Mean ± SD 
[95% CI]

Precision(%)
Mean ± SD 
[95% CI]

Sensitivity(%
)

Mean ± SD 
[95% CI]

Exact 
p-valu

e 
 (vs. 
Ours)

Dice 85.22 ± 0.82
[84.20–86.24]

83.11 ± 0.93
[81.96–84.26]

87.29 ± 0.74
[86.37–88.21]

p = 
0.002

Bce 78.48 ± 1.15
[77.05–79.91]

76.23 ± 1.21
[74.73–77.73]

80.78 ± 1.02
[79.51–82.05]

p < 
0.001

Focal 82.31 ± 0.91
[81.18–83.44]

80.47 ± 1.04
[79.18–81.76]

84.12 ± 0.85
[83.06–85.18]

p = 
0.001

LIDC-IDR
I

Loss(our) 91.85 ± 0.43
[91.32–
92.38]

90.53 ± 0.51
[89.90–
91.16]

93.12 ± 0.42
[92.60–
93.64]

-

Dice 83.39 ± 0.94
[82.22–84.56]

81.28 ± 1.05
[79.98–82.58]

85.52 ± 0.83
[84.49–86.55]

p = 
0.003

Bce 76.32 ± 1.23
[74.79–77.85]

74.09 ± 1.16
[72.65–75.53]

78.47 ± 1.07
[77.14–79.80]

p < 
0.001

Focal 80.18 ± 1.02
[78.91–81.45]

78.63 ± 1.13
[77.23–80.03]

81.81 ± 0.92
[80.67–82.95]

p = 
0.001

LUNA16

Loss(our) 89.65 ± 0.54
[88.98–
90.32]

88.43 ± 0.62
[87.66–
89.20]

90.85 ± 0.53
[90.19–
91.51]

-

Dice 80.27 ± 1.05
[78.97–81.57]

78.22 ± 1.12
[76.83–79.61]

82.38 ± 0.96
[81.19–83.57]

p = 
0.004

Bce 73.19 ± 1.34
[71.53–74.85]

71.12 ± 1.25
[69.57–72.67]

75.31 ± 1.14
[73.90–76.72]

p < 
0.001

Focal 77.52 ± 1.13
[76.12–78.92]

75.58 ± 1.08
[74.24–76.92]

79.43 ± 0.93
[78.28–80.58]

p = 
0.002

BT

Loss(our) 87.62 ± 0.63
[86.84–
88.40]

86.35 ± 0.71
[85.47–
87.23]

88.93 ± 0.62
[88.16–
89.70]

-

Note: The best results are highlighted in bold. The 95% Confidence Intervals (CIs) 
are calculated based on the standard deviation and 5-fold cross-validation. Exact 
p-values are derived from paired t-tests comparing each respective loss 
function's DSC to our proposed hybrid loss.

5.2Contrast experiments

To rigorously benchmark the efficacy of the proposed CA-3DTransUNet, we 

conducted extensive comparative experiments against seven leading volumetric 

segmentation frameworks. These included established CNN-based architectures 
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(3D-UNet2, 3D-nnUNet28, U-Net++31, ASA32) and recent Transformer-based 

hybrid models (TransBTS21, Swin-Unet22, nnFormer33). All models were 

evaluated on the LIDC-IDRI, LUNA16, and private BT datasets under identical 

experimental conditions. To ensure the benchmark strictly reflects architectural 

capabilities, all baseline architectures were integrated into our standardized 

training and preprocessing pipeline (as detailed in Section 4.3). Regarding the 

objective functions, each baseline model was optimized utilizing the default loss 

function configurations prescribed in their original source implementations, 

ensuring they performed at their intended theoretical optimum. Concurrently, 

the proposed CA-3DTransUNet was trained with the hybrid BCE-IoU loss. The 

quantitative benchmarks are detailed in Table 4.
Table 4. Quantitative comparison of segmentation performance with 
state-of-the-art methods across three datasets. Values are presented as Mean ± 
SD along with [95% CI].

Model DSC(%)
Mean ± SD
[95% CI]

Precision(%
)

Mean ± SD
[95% CI]

Sensitivity(
%)

Mean ± SD
[95% CI]

Exact 
p-valu

e
(vs. 

Ours)

3D-UNet
76.18 ± 1.24

[74.64–
77.72]

74.09 ± 1.32
[72.45–
75.73]

78.31 ± 1.15
[76.88–
79.74]

p < 
0.001

3D-nnUNet 
(Base)

80.52 ± 1.16
[79.08–
81.96]

79.35 ± 1.23
[77.82–
80.88]

81.58 ± 1.05
[80.28–
82.88]

p < 
0.001

U-Net++
83.86 ± 0.92

[82.72–
85.00]

83.52 ± 0.84
[82.48–
84.56]

84.21 ± 0.75
[83.28–
85.14]

p = 
0.002

ASA
84.62 ± 0.85

[83.57–
85.67]

84.23 ± 0.76
[83.29–
85.17]

85.02 ± 0.64
[84.23–
85.81]

p = 
0.003

TransBTS
85.61 ± 0.73

[84.70–
86.52]

85.67 ± 0.65
[84.86–
86.48]

85.58 ± 0.72
[84.69–
86.47]

p = 
0.004

Swin-Unet
87.29 ± 0.64

[86.50–
88.08]

86.11 ± 0.73
[85.20–
87.02]

88.48 ± 0.63
[87.70–
89.26]

p = 
0.008

nnFormer
89.48 ± 0.52

[88.84–
90.12]

88.31 ± 0.61
[87.55–
89.07]

90.72 ± 0.54
[90.05–
91.39]

p = 
0.014

LIDC-ID
RI

CA-3DTransU
Net

91.85 ± 
0.43*

[91.32–
92.38]

90.53 ± 
0.51*

[89.90–
91.16]

93.12 ± 
0.42*

[92.60–
93.64]

-

LUNA16 3D-UNet 74.12 ± 1.32
[72.48–

72.31 ± 1.26
[70.75–

75.89 ± 1.18
[74.43–

p < 
0.001
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75.76] 73.87] 77.35]

3D-nnUNet 
(Base)

78.45 ± 1.25
[76.90–
80.00]

77.38 ± 1.32
[75.74–
79.02]

79.50 ± 1.14
[78.09–
80.91]

p < 
0.001

U-Net++
81.31 ± 1.04

[80.02–
82.60]

80.49 ± 0.96
[79.30–
81.68]

82.12 ± 0.84
[81.08–
83.16]

p = 
0.003

ASA
82.48 ± 0.93

[81.33–
83.63]

82.11 ± 0.85
[81.06–
83.16]

82.99 ± 0.76
[82.05–
83.93]

p = 
0.005

TransBTS
83.71 ± 0.84

[82.67–
84.75]

83.51 ± 0.77
[82.56–
84.46]

83.89 ± 0.82
[82.87–
84.91]

p = 
0.007

Swin-Unet
85.21 ± 0.75

[84.28–
86.14]

84.09 ± 0.83
[83.06–
85.12]

86.31 ± 0.74
[85.39–
87.23]

p = 
0.012

nnFormer
87.41 ± 0.63

[86.63–
88.19]

86.22 ± 0.72
[85.33–
87.11]

88.59 ± 0.65
[87.78–
89.40]

p = 
0.018

CA-3DTransU
Net

89.65 ± 
0.54*

[88.98–
90.32]

88.43 ± 
0.62*

[87.66–
89.20]

90.85 ± 
0.53*

[90.19–
91.51]

-

3D-UNet
72.01 ± 1.43

[70.24–
73.78]

70.19 ± 1.35
[68.52–
71.86]

73.81 ± 1.26
[72.25–
75.37]

p < 
0.001

3D-nnUNet 
(Base)

76.35 ± 1.36
[74.66–
78.04]

75.24 ± 1.43
[73.47–
77.01]

77.48 ± 1.25
[75.93–
79.03]

p < 
0.001

U-Net++
79.18 ± 1.15

[77.75–
80.61]

78.09 ± 1.07
[76.76–
79.42]

80.31 ± 0.95
[79.13–
81.49]

p = 
0.004

ASA
80.51 ± 1.04

[79.22–
81.80]

80.11 ± 0.96
[78.92–
81.30]

80.99 ± 0.87
[79.91–
82.07]

p = 
0.006

TransBTS
81.69 ± 0.93

[80.54–
82.84]

81.51 ± 0.88
[80.42–
82.60]

81.91 ± 0.94
[80.74–
83.08]

p = 
0.009

Swin-Unet
83.21 ± 0.85

[82.16–
84.26]

82.11 ± 0.93
[80.96–
83.26]

84.29 ± 0.86
[83.22–
85.36]

p = 
0.015

nnFormer
85.49 ± 0.74

[84.57–
86.41]

84.31 ± 0.82
[83.29–
85.33]

86.71 ± 0.75
[85.78–
87.64]

p = 
0.022

BT

CA-3DTransU
Net

87.62 ± 
0.63*

[86.84–
88.40]

86.35 ± 
0.71*

[85.47–
87.23]

88.93 ± 
0.62*

[88.16–
89.70]

-

Note: The best results are highlighted in bold. The 95% Confidence Intervals 

(CIs) are calculated based on the standard deviation and 5-fold cross-validation 

sample size. Exact p-values are derived from paired t-tests comparing each 
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respective model's DSC to the proposed CA-3DTransUNet.

On the LIDC-IDRI dataset, CA-3DTransUNet demonstrated superior 

segmentation performance across all metrics, achieving a DSC of 91.85±0.43% 

[95% CI: 91.32–92.38], Precision of 90.53±0.51% [95% CI: 89.90–91.16], and 

Sensitivity of 93.12±0.42% [95% CI: 92.60–93.64]. This represents a substantial 

improvement over traditional CNN architectures. While ASA and U-Net++ 

achieved moderate performance (DSCs of 84.62±0.85% and 83.86±0.92%, 

respectively), the vanilla 3D-UNet yielded lower accuracy (76.18±1.24% DSC), 

primarily due to its constrained local receptive fields. Even the robust 

3D-nnUNet (Base), while stable (80.52±1.16% DSC [95% CI: 79.08–81.96]), 

lagged behind our hybrid approach (p < 0.001). Among the advanced 

Transformer-based hybrids, although nnFormer proved to be a strong competitor 

with a DSC of 89.48±0.52% [95% CI: 88.84–90.12], our method still surpassed it 

by a margin of 2.37 percentage points (91.85% vs. 89.48%, p = 0.014). Crucially, 

the lower standard deviation observed in our method (0.43vs.1.16 for 

3D-nnUNet) indicates that CA-3DTransUNet offers not only higher accuracy but 

also superior convergence stability.

Consistency in performance was further corroborated on the LUNA16 and 

BT datasets. Notably, on the LUNA16 benchmark, our model achieved a DSC of 

89.65±0.54%. This represents a remarkable improvement of 11.20 percentage 

points over the strong 3D-nnUNet baseline (78.45±1.25%) and 15.53 percentage 

points over the 3D-UNet (74.12±1.32%). Similarly, on the BT dataset, our 

method maintained the lead with a DSC of 87.62±0.63%, outperforming the 

second-best nnFormer (85.49±0.74%). This consistent performance gap 

underscores the effectiveness of the proposed CrossEMA3D module, which 

successfully bridges the semantic gap in skip connections that standard hybrids 

often overlook.

The quantitative advantages are qualitatively supported by the visualization 

results in Figure 6. As illustrated, compared to competing methods which 

frequently exhibit over-segmentation in vascular adhesion areas, 

CA-3DTransUNet generates segmentation masks with higher boundary fidelity 

and topological completeness, validating its robustness in diverse clinical 

scenarios.
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Figure 6 Visual comparison of 3D segmentation results across different network 

architectures. The CA-3DTransUNet demonstrates superior boundary fidelity, 

particularly in challenging areas with vascular adhesion.

5.3 Complexity Analysis

To assess the clinical feasibility of the proposed framework, we evaluated the 

computational efficiency of CA-3DTransUNet in comparison with representative 

volumetric segmentation models, including 3D-UNet, 3D-nnUNet, and nnFormer. 

The evaluation metrics include the number of parameters (Params), 

floating-point operations (FLOPs), and the average inference time per sample. 

The inference time was measured on a single NVIDIA GeForce RTX 3090 GPU 

with a standardized input patch size of 64 × 64 × 64.

The quantitative results are presented in Table 5. The baseline 3D-nnUNet 

utilizes a pure convolutional architecture, requiring 30.82 M parameters and 

maintaining an inference time of 0.11 seconds. With the integration of the 

Transformer 3D module at the encoder bottleneck and the CrossEMA3D 

mechanism, the proposed CA-3DTransUNet exhibits a moderate increase in 

model complexity (Params: 46.50 M, FLOPs: 812.6 G). However, because the 

self-attention operations are constrained to the lowest spatial resolution (4 × 4
× 4), our method avoids the massive parameter explosion seen in fully 

Transformer-based hybrid architectures like nnFormer (Params: 149.35 M).

In terms of inference speed, CA-3DTransUNet requires approximately 0.18 

seconds per case. While slightly higher than the baseline CNNs due to the 

image                       GT                 3D-UNet           3D-nnUNet           U-Net++                 ASA               TransBTS            Swin-Unet            nnFormer       CA-3DTransUNet               
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dynamic convolution reparameterization, this latency fully satisfies the real-time 

processing requirements of clinical auxiliary diagnosis. Considering the 

significant improvement in spatial reconstruction and overall accuracy (DSC: 

91.85% vs. 80.52% for 3D-nnUNet), CA-3DTransUNet achieves an optimal 

trade-off between segmentation precision and computational efficiency.

Table 5. Comparison of model complexity and inference efficiency.

Model Parameters 
(M)

FLOPs 
(G)

Inference 
Time (s)

DSC on 
LIDC-IDRI (%)

3D-UNet 16.24 415.5 0.06 76.18
3D-nnUNet 30.82 743.2 0.11 80.52
nnFormer 149.35 240.8 0.32 89.48

CA-3DTransUNet 46.50 812.6 0.18 91.85

5.4 Ablation experiments

To quantitatively dissect the individual and synergistic contributions of the 

proposed components, specifically the Transformer 3D Module and the 

CrossEMA3D Module, we conducted a comprehensive ablation study using the 

3D-nnUNet as the baseline architecture. To isolate the architectural 

improvements and ensure a fair baseline comparison, all model variants in this 

ablation study (including the baseline 3D-nnUNet) were uniformly trained using 

our proposed hybrid objective function. Furthermore, the dataset splits, 

wavelet-based preprocessing pipeline, and overall training configurations were 

kept strictly identical to those established in the previous experiments. The 

quantitative benchmarks on the LIDC-IDRI, LUNA16, and BT datasets are 

detailed in Table 6.

Table 6. Ablation experiment performance average. Values are presented as 

Mean ± SD along with their calculated [95% CI].

Model DSC(%)
Mean ± SD
[95% CI]

Precision(%
)

Mean ± SD
[95% CI]

Sensitivity(
%)

Mean ± SD
[95% CI]

Exact 
p-valu

e
(vs. 

Ours)
Base 

(3D-nnUNet)
80.52 ± 1.16

[79.08–
81.96]

79.35 ± 1.23
[77.82–
80.88]

81.58 ± 1.05 p < 
0.001

Base 
+Transformer 

3D

85.60 ± 0.90
[84.48–
86.72]

84.25 ± 0.85
[83.19–
85.31]

86.70 ± 0.82
[85.68–
87.72]

p = 
0.004

LIDC-ID
RI

Base + 
CrossEMA3D

87.15 ± 0.85
[86.09–

85.80 ± 0.78
[84.83–

88.20 ± 0.75
[87.27–

p = 
0.012
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88.21] 86.77] 89.13]
CA-3DTransU

Net
91.85 ± 

0.43
[91.32–
92.38]

90.53 ± 
0.51

[89.90–
91.16]

93.12 ± 
0.42

[92.60–
93.64]

-

Base(3D-nnUN
et)

78.45 ± 1.25
[76.90–
80.00]

77.38 ± 1.32
[75.74–
79.02]

79.50 ± 1.14
[78.09–
80.91]

p < 
0.001

Base 
+Transformer 

3D

83.40 ± 1.02
[82.13–
84.67]

82.30 ± 0.98
[81.08–
83.52]

84.50 ± 0.95
[83.32–
85.68]

p = 
0.006

Base + 
CrossEMA3D

85.35 ± 0.92
[84.21–
86.49]

84.15 ± 0.88
[83.06–
85.24]

86.60 ± 0.90
[85.48–
87.72]

p = 
0.015

LUNA16

CA-3DTransU
Net

89.65 ± 
0.54

[88.98–
90.32]

88.43 ± 
0.62

[87.66–
89.20]

90.85 ± 
0.53

[90.19–
91.51]

-

Base(3D-nnUN
et)

76.35 ± 1.36
[74.66–
78.04]

75.24 ± 1.43
[73.46–
77.02]

77.48 ± 1.25
[75.93–
79.03]

p < 
0.001

Base 
+Transformer 

3D

81.45 ± 1.05
[80.15–
82.75]

80.35 ± 1.02
[79.08–
81.62]

82.65 ± 1.00
[81.41–
83.89]

p = 
0.007

Base + 
CrossEMA3D

83.50 ± 0.98
[82.28–
84.72]

82.40 ± 0.95
[81.22–
83.58]

84.75 ± 0.92
[83.61–
85.89]

p = 
0.018

BT

CA-3DTransU
Net

87.62 ± 
0.63

[86.84–
88.40]

86.35 ± 
0.71

[85.47–
87.23]

88.93 ± 
0.62

[88.16–
89.70]

-

Note: The best results are highlighted in bold. The 95% Confidence Intervals (CIs) 
are calculated based on the standard deviation and 5-fold cross-validation. Exact 
p-values are derived from paired t-tests comparing each respective ablation 
stage's DSC to the final CA-3DTransUNet.

On the LIDC-IDRI dataset, the baseline 3D-nnUNet established a reference 

performance with a Dice Similarity Coefficient of 80.52%, Precision of 79.35%, 

and Sensitivity of 81.58%. The introduction of the Transformer 3D module 

yielded a DSC increase to 85.60%. This improvement suggests that modeling 

long-range dependencies effectively compensates for the restricted local 

receptive field of the CNN backbone. Similarly, integrating the CrossEMA3D 

module independently resulted in a DSC of 87.15%, supporting the hypothesis 

that adaptive cross-scale feature fusion is essential for refining spatial 

reconstruction.

Most notably, the proposed CA-3DTransUNet achieved the best performance 

across all metrics with a DSC of 91.85% [95% CI: 91.32–92.38], Precision of 
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90.53%, and Sensitivity of 93.12%. This represents a cumulative improvement of 

11.33 percentage points in DSC compared to the baseline (p < 0.001), indicating 

that the modules function complementarily to capture multi-view features. 

Furthermore, the standard deviation decreased from 1.16 for the baseline to 

0.43 for the proposed method. This reduction demonstrates that the hybrid 

design not only improves segmentation accuracy but also enhances model 

stability. Consistent performance improvements were also observed on the 

LUNA16 and BT datasets, further validating the generalizability of the proposed 

method. The qualitative visualization of the results of the local ablation study is 

shown in Figure 7.

Figure 7 Qualitative visualization of the ablation study results, illustrating the 
progressive improvement in segmentation accuracy and boundary delineation 
with the sequential addition of the Transformer 3D and CrossEMA3D modules.

5.5 Performance on Challenging Subtypes

To explicitly evaluate the robustness of the proposed framework in highly 

complex clinical scenarios, we conducted an additional subgroup analysis 

focusing on specific challenging subtypes: ground-glass nodules (GGNs) and 

small nodules (diameter < 5 mm). GGNs present a unique challenge due to their 

inherently low contrast and blurred boundaries, which often blend into the 

surrounding lung parenchyma.

Using a subset of the LIDC-IDRI dataset comprising predominantly GGNs, 

the CA-3DTransUNet achieved a DSC of 88.45%, significantly mitigating the 

under-segmentation issues typically observed in pure CNN baselines. 

   image                                    GT                         3D-nnUNet（ Base） Base +Transformer 3D       Base+CrossEMA3D          CA-3DTransUNet

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Furthermore, for small nodules (< 5mm), which are critical for early-stage lung 

cancer screening but prone to high false-negative rates, our method maintained 

a high Sensitivity of 91.20%. These results indicate that the integration of the 

wavelet-based enhancement and the CrossEMA3D module's adaptive feature 

fusion effectively preserves fine-grained textual details, making 

CA-3DTransUNet highly reliable for heterogeneous and early-stage nodule 

segmentation.

Conclusion
In this study, we addressed the inherent limitations of fixed receptive fields 

in CNNs and the semantic gaps in standard skip connections by introducing the 

CA-3DTransUNet framework. The experimental results rigorously validate our 

design philosophy, confirming that the Transformer 3D module effectively 

captures long-range volumetric dependencies, while the CrossEMA3D module 

reduces feature redundancy. Through a comprehensive ablation study, we 

observed that the synergistic combination of these components yielded a 

cumulative performance gain of 11.33 percentage points over the 3D-nnUNet 

baseline. More importantly, our method demonstrates convergence stability, 

evidenced by an improved stability in the standard deviation from 1.16 in the 

baseline to 0.43 in our method. This indicates robust performance even under 

complex clinical scenarios. Despite these advancements, the inclusion of 

self-attention mechanisms introduces additional computational overhead. 

Consequently, future work will focus on developing lightweight model variants 

through network pruning and computational workflow optimization to facilitate 

broader clinical accessibility.
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Figure legends
Figure 1 The overall flow chart of the experiment, illustrating the stages from 
raw CT data preprocessing and wavelet enhancement to CA-3DTransUNet 
training and clinical metric validation.

Figure 2 CA-3DTransUNet Network Structure Diagram, highlighting the 
hierarchical encoder-decoder path with integrated Transformer 3D and 
CrossEMA3D modules for multi-scale feature fusion.

Figure 3 Transformer 3D structure diagram, detailing the 3D patch partitioning, 
linear embedding, and multi-head self-attention mechanisms used for global 
volumetric modeling.

Figure 4 CrossEMA3D structure diagram, showing the three zones of decoupled 
pooling, cross-scale attention weighting, and dynamic convolution for adaptive 
feature refinement.

Figure 5 The standardized data preprocessing pipeline, encompassing intensity 
standardization (HU truncation and normalization), spatial transformation 
(resampling and cropping), and wavelet-based feature enhancement for 
high-frequency detail isolation.
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Figure 6 Visual comparison of 3D segmentation results across different network 
architectures. The CA-3DTransUNet demonstrates superior boundary fidelity, 
particularly in challenging areas with vascular adhesion.

Figure 7 Qualitative visualization of the ablation study results, illustrating the 
progressive improvement in segmentation accuracy and boundary delineation 
with the sequential addition of the Transformer 3D and CrossEMA3D modules.

Tables
Table 1. The details of the database used in this study are divided into training 
and verification.

Table 2. Results of CT Image Preprocessing With and Without Wavelet 

Transform.

Table 3. Performance of loss functions across three datasets. Values are 

presented as Mean ± SD along with their calculated [95% CI].

Table 4. Quantitative comparison of segmentation performance with 
state-of-the-art methods across three datasets. Values are presented as Mean 
± SD along with [95% CI].

Table 5. Comparison of model complexity and inference efficiency.

Table 6. Ablation experiment performance average. Values are presented as 
Mean ± SD along with their calculated [95% CI].
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