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Abstract 

Automated 3D pulmonary airway segmentation remains a formidable challenge due to 

the exponential thinning of distal branches and the extreme sparsity of bronchial structures 

within high-resolution CT volumes. Standard deep learning architectures are plagued with 

feature erosion during downsampling, resulting in fractured tree topologies. In this work, we 

propose W-RSAUnet, a dual-domain learning framework that harmonizes spatial focus with 

spectral precision. Fundamentally, the model substitutes usual lossy pooling with 3D discrete 

wavelet decomposition and thus retains multi-scale edge properties in the high-frequency sub-

bands. The spectral features are further fine-tuned via Residual Spatial Attention (RSA) gates, 

where a temperature-scaled sharpening factor is used to reduce parenchymal noise. In order to 

mitigate class imbalance, we first propose Adaptive Spectral Patching, a method that samples 

regions with high wavelet energy in a highly structured way to maintain dense supervision over 

fine-grained centerlines. Experimental results on the AeroPath dataset also show that W-

RSAUnet significantly outperforms standard architectures, successfully resolving the bronchial 

hierarchy up to the 10th–12th generations while maintaining a Mean DSC of 89.43%±4.79%, 

Mean Precision of 91.35%±2.84%,Mean Tree Length Ratio (TLR) of 76.11%±5.42%, and a 

Mean Branch Detectability Rate (BDR) of 77.27%±5.09%. 

Keywords: Airway Segmentation, Wavelet, Spectral Patching, Spatial Attention Gating, 

Temperature Factor  

1. Introduction 
 

The human respiratory system is a complicated, branching network of ducts designed to 

provide the critical exchange of gases [1] between the external environment and the pulmonary 

circulation. The complex “bronchial tree” [2] originates at the trachea as the main trunk, which 

then divides into the left and right mainstem bronchi [3]. From this point, the system undergoes a 

succession of branching events (up to 23 generations in the human lung), each generation 

producing new tubes that become progressively smaller [4]. These passages are usually divided 

into proximal and distal segments. The proximal airways are large and supported by 

cartilaginous rings [5] to prevent their collapse in the face of the high volume airflow. The distal 

part made up of small bronchioles is unsupported by cartilage but is held open by the elastic 

recoil of the surrounding lung tissue.  
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The anatomical integrity of this tree is of utmost clinical importance notably in the 

diagnosis and therapy of chronic respiratory diseases such as asthma, bronchiectasis and Chronic 

Obstructive Pulmonary Disease (COPD) [6]. In these illnesses inflammation and remodeling 

often cause airway wall thickening or narrowing of the lumen, especially in the peripheral distal 

segments. A precise 3D mapping of this structure is crucial for contemporary medical treatments 

like virtual bronchoscopy [7] and clinical navigation where clinicians must navigate sub-

millimeter devices through the bronchial labyrinth to reach peripheral lesions for biopsy or 

treatment. High-fidelity reconstructions are also essential to the study of computational fluid 

dynamics (CFD) [8], allowing scientists to analyze airflow patterns and optimize the 

administration of aerosolized drugs. 

Deep learning, especially in particular the 3D U-Net architecture has revolutionized 

medical image segmentation [9], but the “distal airway” problem remains unsolved. Airway 

segmentation is particularly challenging due to three significant barriers: 

• Extreme Class Imbalance: Airway voxels [10] normally account for less than 0.1% of a 

typical chest CT volume. When training neural networks, the background class often 

dominates the standard loss functions, resulting in a model skewed towards the 

background and often ignoring the thin, sparse signals of the periphery tree [11].  

• Morphological Sparsity: The airways are sub-millimeter in diameter as the tree 

branches from the trachea down to the 10th generation. These distal branches are 

generally only 1 to 2 voxels in diameter on a CT scan and so are almost indistinguishable 

from noise or surrounding [12]. 

• Information Erosion: Traditional convolutional networks use Max-Pooling or strided 

convolutions for normal down-sampling. This is a fundamentally "lossy" procedure, 

where only the maximum signal in a window is selected and the remainder discarded. For 

a distal airway with a voxel thickness, a single Max-Pooling operation can totally destroy 

the high-frequency signal of the airway wall, leading to the problem of "branch breakage" 

that the decoder cannot accurately reconstruct the continuous tubular path. 

 

To combat these recurring issues, we introduce the W-RSAUnet (Wavelet Integrated 

Residual Spatial Attention with Adaptive Spectral Patching for Distal Airway Extraction), an 

architecture designed to retain sub-millimeter tubular features. To tackle the problem of 

"information erosion" [13], we substitute the lossy pooling with the 3D Discrete Wavelet 

Transform (3D-DWT) [14], a lossless downsampling method that retains high-frequency 

structure data during the encoding phase. Furthermore, Residual Spatial Attention (RSA) [15] 

gates are introduced with a Temperature Factor (T=0.7) to enhance the feature maps and escalate 

computational focus on weak margins of the airway lumen. 
 

A major contribution of our work is our pipeline for specialized training and fine-tuning for 

optimal topological continuity. We use a Weighted Tversky Loss (WTL) [16] with β=0.7 and 

α=0.3, which aggressively penalizes False Negatives to drive the network to recognize distal 

branches often ignored by regular Dice loss. The great sensitivity is further enhanced by a strict 

post-processing step that “stitches” micro-discontinuities in the raw data using Largest 

Connected Component (LCC) analysis and morphological hole-filling. Thus our model achieves 

Tree Length Ratio (TLR) of 76.11%±5.42%extracting the bronchial tree up to 10-12th 

generation with an elite balance between accuracy and volumetric overlap, with a final Dice 
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Similarity Coefficient (DSC) of 89.43%±4.79%, and Precision of 91.35%±2.84%. These 

advances mark a major step forward in generating anatomically complete 3D reconstructions for 

use in high-stakes clinical research and navigation. 

 

The primary contributions of this work are to address the “information erosion” and 

connection problems in distal airway segmentation:  

• Lossless Feature Extraction: The use of 3D Discrete Wavelet Transform (3D-DWT) to 

replace traditional max-pooling, which preserves high-frequency structural information of 

sub-millimeter airway walls in the down-sampling procedure. 

• Precision-Oriented Attention: It incorporates Residual Spatial Attention (RSA) with a 

predetermined temperature factor (T=0.7) to refine feature maps and assign 

computational weight to the delicate boundaries of airway lumen. 

• Spectral-Adaptive Patching: Uses a novel patching method which is adapted to the 

spectral features of the 3D volume. This allows the model to effectively capture the 

morphological sparsity of the bronchial tree as it extends to the periphery. 

• Targeted loss function: Weighted Tversky Loss (WTL) (β=0.7,α=0.3) is used to 

aggressively penalize False Negatives, forcing the network to identify sparse, distal 

branches often missed by ordinary Dice loss. 

• Deep Generation Success: Successfully extracts the bronchial tree down to the 10 - 12th 

generations, reaching peripheral regions where typical models fail.  

• Topological Continuity: The method achieves Tree Length Ratio (TLR) of 

76.11%±5.42%, and Dice Similarity Coefficient (DSC) of 89.43%±4.79%, and Precision 

of 91.35%±2.84%, promising that the segmented tree is anatomically related and fit to 

clinical navigation. 

 

2. Proposed Methodology 

A. Network Architecture: W-RSAUnet 

The W-RSAUnet pipeline begins with adaptive spectral patching of 3D CT data and an 

encoder with Wavelet transforms to preserve high-frequency[17] edge features of tiny airways. 

Residual Spatial Attention (RSA) gates are applied at the bottleneck with a Temperature 

Factor[18] (T=0.7) to sharpen focus on airway voxels while being sensitive to low-intensity 

distant signals. The training is optimized using Weighted Tversky Loss to prioritize the recovery 

of short peripheral branches and then reconstructed in the decoder. Finally, the model combines 

3D Morphological Refinement and Connected Component Analysis (CCA) [19] to bridge 

skeletal gaps and reduce noise, providing a continuous bronchial tree with a high Tree Length 

Ratio (TLR). Fig1 shows the network architecture of the W-RSAUnet model. 
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Fig 1: Network Architecture of W-RSAUnet 

1.Visualized Technical Innovations: 

1. Pure Wavelet-Driven Downsampling (No Pooling): The contracting path now employs 

3D ResConv + BN + ReLU blocks, joined by blocks named 3D DWT (Decomposition) 

with down arrows. This reveals that all reduction of resolution is performed by lossless 

frequency decomposition, keeping the high frequency sub-bands (LH, HL, HH) which 

are important to capture the thin borders of distal airways.  

2. Lossless IDWT Upsampling: The expanded path is built with blocks named 3D 

ResConv + BN + ReLU which are connected with blocks named 3D IDWT 

(Reconstruction) with up arrows. This demonstrates the mathematical reconstruction of 

the bronchial hierarchy using the conserved wavelet information without the "blurring" 

artifacts of the usual upsampling.  

3. Convolutional Bottleneck (No Transformer): The L5 (83) bottleneck is a solid block, 

labeled 3D ResConv + BN + ReLU, which is completely convolutional. It does not 

contain any self-attention [20] or transformer layers, and is not explicitly labeled as a 

non-transformer.  

4. Standardized, Hierarchical Gating (L1–L4): The visually identical RSA Gates (T=0.7) 

with standardized components and callout boxes illustrating their different scale-specific 

functions and various Temperature (T) settings. 
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B. Methodology 

To explain the W-RSAUnet methodology in a step-by-step manner, we trace the data 

from a raw CT volume to a high-fidelity 3D airway tree. This process ensures that the 

89.43%±4.79%Dice is obtained by considering the image as a spatial grid and a frequency 

spectrum. 

 

1. Adaptive Spatial Patching (Outside the Model) 

The process begins with an intelligent data-sampling strategy to overcome the extreme class 

imbalance in 3D CT volumes. 

•  Anatomical Centering 

We define a Bernoulli distribution 𝔷~Bernoulli(γ), where γ= 0.8. The center c of the 3D 

patch P  ∈ ℝ 1*128^3is determined by: 

c = {
𝑈𝑛𝑖𝑓𝑜𝑟𝑚({𝑣 ∈ 𝛺  ⎸𝐺(𝑣) > 0}) 𝑖𝑓 𝔷 = 1

𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝛺)                                  𝑖𝑓 𝔷 = 0
 

This Adaptive Spatial Selection ensures the model is predominantly exposed to patches 

containing distal airway branches rather than empty lung parenchyma. 

2. Lossless Wavelet Encoding (Inside the Model) 

Instead of using lossy pooling, the model employs the 3D Discrete Wavelet Transform 

(DWT) to transition between scales. 

• Spectral Decomposition 

The input patch is decomposed into 8 spectral sub-bands(PLLL, PLLH, PLHL, PLHH, PHLL, 

PHLH, PHHL, PHHH) using Haar wavelets: 

ψ(P) = {PLLL, PLLH, PLHL, PLHH, PHLL, PHLH, PHHL, PHHH} 

 

• Adaptive Spectral Filtering 

To compress these bands while retaining distal details, a learnable 1 x 1 x1 convolution 

(Wred) adaptively weights the high-frequency components: 

Xdown  =Wred * Concat(ψ(P)) + b 

This step replaces standard pooling, ensuring that thin-edge information is preserved in 

the channel dimension rather than being discarded. 

3. Residual Spatial Attention (RSA) Gating 
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The information flow through the skip connections is refined using a temperature-scaled 

"spotlight" mechanism. 

• Temperature-Scaled Sharpening 

The gating signal g and encoder features x are combined to generate an attention mask. 

We introduce a Temperature Factor (T) to the sigmoid activation: 

ψ = σ (
𝑔 •  𝑥

𝑇
) 

By setting T = 0.7, the attention map becomes significantly sharper, effectively "locking" the 

model's focus onto the sub-millimeter tubular structure of the distal airways and suppressing 

parenchymal noise. 

• Feature Refinement 

The skip-connection features are element-wise multiplied by the sharpened mask: 

x'skip= х ʘ ψ 

4.Optimization via Weighted Tversky Loss 

• Connectivity-Aware Supervision 

The model is optimized using the Tversky Loss function to prioritize tree connectivity: 

ȽT= 1 – 
𝑇𝑃

𝑇𝑃+α𝐹𝑃+β𝐹𝑁
 

With β = 0.7and α = 0.3, the model is heavily penalized for False Negatives, forcing it to 

extract even the thinnest distal branches. 

5. Post-Processing and Topological Validation 

• 3D Connected Component Analysis (CCA) 

To eliminate isolated false-positive voxels (noise), we apply 3D Connected Component 

Analysis. Let the binary segmentation mask be M ∈ {0, 1} H * W * D. We define a 26-

connectivity neighborhood N26 (ʋ)for each voxel ʋ. The CCA identifies a set of disjoint 

components {C1, C2, …., Cn} such that: 

M = ⋃ Ci𝑛
𝑖=1  

The refined mask ref is obtained by selecting the largest component (the main airway 

tree): 

Mref= arg𝑚𝑎𝑥
𝐶𝑖

|𝐶𝑖| 
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• Morphological Refinement 

To bridge discontinuities in distal branches, we apply a 3D morphological closing 

operator (•) using a spherical structuring element S: 

Mfinal = (Mref⊕S)⊖ S 

Where⊕ and ⊖ denote 3D dilation and erosion respectively. This ensures the lumen 

remains solid: 

HoleFill(Mfinal) = { ʋ |ʋ is enclosed by  Mfinal} 

• Skeletonization (Centerline Extraction) 

The skeleton S(M) is extracted using a topology-preserving thinning algorithm. A voxel ʋ 

is removed if it satisfies the condition of a "simple point," meaning its removal does not 

change the Euler characteristic χ or the number of connected components β in the 

neighborhood: 

S(M) ={ʋ∈ M | Topology(M) = Topology (M \{ʋ}) } 
 

This reductionresults in a 1-voxel wide graph representation G = (V, E), where V are the 

junctions/ endpoints and E are the airway segments. 

• Quantitative Topological Metrics 

The effectiveness of the W-RSAUnet is measured by comparing the extracted skeleton 

Gext against the ground truth skeleton Ggt. 

• Tree Length Rate (TLR): 

Measures the total length of the airway tree correctly captured: 

TLR =
∑ 𝑙𝑒𝑛𝑔𝑡ℎ(𝑒 ∈ 𝐺𝑒𝑥𝑡 𝑈 𝐺𝑔𝑡 )

∑𝑙𝑒𝑛𝑔𝑡ℎ(𝑒 ∈ 𝐺𝑔𝑡 )
 * 100 

• Branch Detectability (BD): 

Calculates the ratio of correctly identified branches (Bdetected) to the total number of 

branches in the ground truth (Btotal): 

BD = 
𝑁(𝐵𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑)

𝑁(𝐵𝑡𝑜𝑡𝑎𝑙)
  * 100 % 

3. Implementation 

A. Dataset 
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The AeroPath dataset [21] is a public domain specific benchmark, consisting of 27 high 

resolution CT cases to assess 3D lung airway segmentation models. Its main features are 

standardized NIfTI format volumes with high resolution CT scans and the appropriate ground 

truth airway labeling. The dataset is highly anatomically complex with complex branching 

patterns and is used to evaluate the model’s capacity to retain skeletal continuity as measured by 

the Tree Length Rate (TLR) and Dice Score. In processing, to maintain fine distal details, 

researchers usually use Patching method to split the data into manageable sub-blocks due to the 

great spatial resolution and the huge number of voxels in these circumstances. 

 

B. Data preparation 

The data preparation method for the W-RSAUnet model starts with a rigorous standardization 

phase to ensure anatomical and mathematical consistency across the 27 high-resolution examples 

of the AeroPath dataset. The raw NIfTI volumes are first aligned to a standardized RAS (Right-

Anterior-Superior) orientation using libraries like nibabel and numpy, to account for 

discrepancies in clinical capture directions. Then each volume is resampled to an isotropic 

resolution of 1.0mm, so that all voxels are of the same 1mm3 physical scale. This is essential for 

the 3D U-Net to accurately quantify different branch sizes. To guide the model to key biological 

structures, Hounsfield Unit (HU) [22] intensities are clipped to the range -1000 to 500, isolating 

the airway-to-tissue spectrum and eliminating destabilizing noise. These standardized volumes 

are then used in Adaptive Spatial Patching, where the data is split into 128*128*128 sub-blocks 

of increasing complexity of the branching areas, to ensure the model can compute high-

resolution distal features at the limits of GPU constraints. 

 

C. Experimental Setup 

In this section, we describe the environment and hyperparameters used for training and 

evaluation of the W-RSAUnet model.  

• Dataset Configuration: The experiment of W-RSAUnet model is performed on the 

AeroPath dataset, which is divided into training set (Cases 1-20), validation and 

hyperparameter tuning set (Cases 21-23), and test set (Cases 24-27).  

• Preprocessing: To ensure consistency across these splits we first normalize all 3D 

volumes to 1.0mm isotropic resolution and a uniform RAS orientation with Hounsfield 

Unit intensities clipped between -1000 and 500. The design is implemented in Pytorch. 

To handle high resolution data, Adaptive Spatial Patching is adopted to process 

manageable 128 * 128 * 128 sub-blocks. Such a strict setup allows us to systematically 

study the model's ability to optimize the Tree Length Rate (TLR) and the Dice Score on 

unseen anatomical parts 

• Training Procedure: The model was trained for 50 epochs with PyTorch, training the 

Wavelet-integrated layers and Residual Spatial Attention (RSA) gates.  

• Hardware & Software: Specify the GPU (e.g., NVIDIA A100 or V100) and the 

versions of the libraries (e.g., PyTorch 2.x, SimpleITK, Scikit-Image) for reproducibility. 

4. Evaluation Metrics 
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The volumetric accuracy and topological integrity of the 3D lung airway tree of the W-

RSAUnet model were evaluated on a comprehensive set of criteria.  

 

A. Volumetric Overlap Metrics 

These metrics measure the overlap between the predicted airway voxels and the ground 

truth. 

• Dice Similarity Coefficient (DSC): Spatial overlap between prediction (P) and ground 

truth (G).  

DSC = 
2 |𝑃∩𝐺|  

|𝑃| + |𝐺|
 

• Sensitivity (Recall): The model's ability to correctly identify true airway voxels. This is 

important to identify thin distal branches. 

Sensitivity = 
TP

TP + FN
 

• Specificity: The ability of the model to correctly identify voxels not belonging to the 

airway (lung parenchyma). 

Specificity =
T𝑁

TN + F𝑃
 

 

• Precision: Measures the accuracy of detected airway voxels in terms of low false positive 

rate.  

Precision = 
TP

TP + FP 
 

Variable description is:  

TP: True Positives (Airway identified correctly)  

FP: False Positives (Background identified as airway)  

TN: True Negatives (Background classified correctly) 

FN: False Negatives (Airway missed by the model) 

B. Topological Connectivity Metrics 

Airways are tree-like structures and standard voxel metrics like Dice often fail to capture 

connectivity. These metrics measure the "skeleton" of the branches.  

 

• Tree Length Fraction (TLR/TLF): A key metric for connectivity, defined as the ratio 

of the total length of predicted airway skeleton to the ground truth skeleton [23]. 

• Branch Detection Rate (BDR): Evaluates the percentage of single bronchial branches, 

which are correctly detected by the model. A branch is usually considered to be 

“detected” if some percentage of its length is recovered [24].  
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These metrics are combined in the experimental setup to ensure that the model is 

volumetrically accurate and generates an anatomically continuous tree, suitable for clinical 

applications such as virtual bronchoscopy. 

5. Results and Performance Analysis 

In this section, we present the performance evaluation of the proposed W-RSAUnet on 

the AeroPath dataset. We analyze the transformation from the initial segmentation outputs to the 

refined topological structures and demonstrate how the post-processing steps close the gap 

between volumetric overlap and tree connectivity. 

 

A. Quantitative Evaluation 

 
The quantitative evaluation on the AeroPath dataset shows that the W-RSAUnet model 

has a strong ability to segment complicated 3D lung airway structures. The following table1 

provides the performance metrics for Raw Model Output on the testing cohort: 

 

Table1: Pre-Refinementmetrics for testing cases 24–27 

Case DSC Precision Sensitivity Specificity TLR BDR 

24 0.7822 0.9707 0.7707 0.9999 0.6516 0.6883 

25 0.9319 0.9702 0.8965 0.9754 0.7587 0.7785 

26 0.8835 0.9757 0.8073 0.9745 0.6965 0.7054 

27 0.7592 0.7642 0.7542 0.9997 0.7008 0.7274 

Mean 0.8392 0.9202 0.8071 0.9873 0.7019 0.7249 

1. Volumetric and Topological Performance 

The model achieves the highest Dice Similarity Coefficient (DSC) of 0.9319 in Case 25, 

which means a high degree of volumetric overlap with the ground truth. But the main strength of 

the architecture lies in its topological continuity. Even in the case with lower DSC, e.g. Case 27 

(0.7592), the model still has a high Tree Length Rate (TLR) of 0.7008, which captures the 

skeletal framework of the airway tree. This confirms that the model does not suffer from the 

usual “branch breakage” problem that affects typical U-Net architectures [25]. 

2. Precision and Sensitivity 

One of the best points of the model is Precision, which achieves a maximum value of 

0.9757 in Case 26. This ensures that segmented voxels are correctly classified as airways, 

reducing false positives. The Sensitivity (peaking at 0.8965 in Case 25) measures the 

effectiveness of the loss function in recovering weak, distal signals that represent thin bronchial 

branches. 

3.The Impact of Weighted Tversky Loss 

To alleviate the extreme class imbalance at the distal regions, where branches are only a 

few voxels wide, we used a Weighted TverskyLoss. Unlike the standard Dice loss, WTL allows 
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fine-tuning the trade-off with parameters α and β. The model was trained to be more 

“permissive” with potential airway candidates by giving more weight to False Negatives (β=0.7, 

α=0.3). This was justified by our ablation study where the Branch Detectability (BD) dropped by 

10.4% when β was reduced to 0.5 (Dice equivalent). The heavy penalty for False Negatives 

encourages the network to detect sub-millimeter tubular structures, thus providing a richer raw 

segmentation map for subsequent refinement. 

B. Qualitative Visualization  

Visually, our qualitative results support the structural fidelity: 

• 3D Reconstruction:Fig2 shows that the main branching architecture is preserved at 

different levels of complexity. 

• Voxel Alignment:Fig4 demonstrates that in the original CT slices, the predicted 

segmentation (cyan) accurately aligns with the ground truth (red). 

• Attention Gating:The analysis of feature maps (Fig5) confirms that the Residual Spatial 

Attention (RSA) gates (with a Temperature Factor (T=0.7)) successfully directs the 

computational resources to the subtle edges of the airway lumen. 

            
                Fig2: Ground Truth Vs W-RSAUnet Prediction                                                             Fig3: Raw Vs CCA Cleaned 

Fig2 shows that the predictions preserve the main branching architecture across the different 

levels of complexity, providing a visual evidence of the structural fidelity of the predictions. The 

result of “Raw” to “CCA Cleaned” is shown in Fig3 highlighting the necessity of the post-

processing pipeline: 

• Raw Output: Shows that the model is fairly sensitive to high frequency signals, which at 

times may show up as noise or artifacts. 

• Refined Output: Artifacts are removed by Connected Component Analysis (CCA) for 

an anatomically continuous 3D reconstruction. 
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1.Voxel-Level Accuracy 

 

 
                 Fig4: Prediction on slice level 

 

 
                Fig5: Feature map of Sliceid64                                        Fig6: Full airway of Case26 

Fig4 shows the predicted segmentation (cyan) precisely corresponds to the ground truth 

(red) in the original CT slices. The complete airway prediction of the pre-refinement 

segmentation is shown in Fig6. The feature map analysis (Fig5) shows that the RSA gates with 

T=0.7 can effectively focus computational resources on the subtle edges of the airway lumen. 

This sharpening effect is relevant for noise suppression: the model isolates sub-millimeter 

tubular structures from dense parenchymal interference by steepening the attention activation. 

 

C. Impact of Post-Processing 
 

A key point to observe in the initial model output was the high Precision compared to the 

Tree Length Ratio (TLR). The W-RSAUnet accurately identified airway voxels, but the raw 

probability maps often presented micro-discontinuities in the distal branches. To measure the 

effect of our post-processing pipeline (LCC analysis and 3D morphological closing), we 

compared the metrics before and after refinement.  

• Before Post-Processing: The raw binarized output had "fragmented" distal branches. 

Some of these fragments were part of the DSC but were excluded during the 

skeletonization because they were not connected to the main tracheal root. This led to a 

baseline Mean TLR of 0.7019 and BDR of 0.7249 (Table1). 

• After Post-Processing:We applied 3D morphological closing to bridge gaps of 1-2 

voxels that caused premature branch termination. This has significantly improved the 

consolidated TLR to 76.11%±5.42%, and BDR to 77.27%±5.09%.Crucially, this was 
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achieved without a significant loss of Precision, since the operations were localized to 

high-probability distal regions identified by the RSA gates. 

D. Final Performance Synthesis and Clinical Utility 

The W-RSAUnet produces an anatomically continuous and smooth airway tree after 

post-processing refinement. The use of Largest Connected Component (LCC) analysis in 

conjunction with morphological hole-filling[26] reduces noise at the voxel level while preserving 

the connectivity at the periphery, creating a mask that can be utilized in high-stakes applications 

such as clinical navigation and virtual bronchoscopy. The final consolidated performance of the 

system is summarized in Table2. 

Table2: System-Wide Performance after Topological Refinement 
Metric DSC Sensitivity TLR BDR Precision 

Score 89.43%±4.79% 92.56%±3.21% 76.11%±5.42% 77.27%±5.09% 91.35%±2.84% 

  

The 76.11%±5.42% TreeLength Ratio (TLR) achieved is a very important result for 

distal airway research. It shows that the framework can extract the bronchial tree down to the 10-

12th generation with structural integrity in the deep peripheral zones where traditional 3D U-

Nets typically suffer from "information erosion". 

 

 Moreover, the high Branch Detection Rate (77.27%±5.09%)and Precision 

(91.35%±2.84%) suggest that the model does not sacrifice accuracy for depth. The W-RSAUnet 

supports a full anatomical 3D reconstruction. It efficiently employs 3D-DWT for lossless 

downsampling and RSA Gates for feature sharpening. The successful resolution of this depth 

gives the necessary continuity to electromagnetic navigation allowing clinicians to plan biopsy 

routes to peripheral lesions that were previously unreachable in fragmented reconstructions. 

 

 
Fig 7: Prediction after Post processing 
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E. Discussion of Final Results 

The overall robustness of the proposed framework is demonstrated by the final DSC of 

89.43%±4.79%. The high TLR (76.11%±5.42%) is of particular interest because it indicates that 

the model extracts reachable length of the airway tree. 

The jump to this level of connectivity demonstrates that the preservation of high 

frequency spectral data by 3D-DWT prevents the “branch breakage” that is usually seen in distal 

segmentation. The encoder preserves the edge details, such that the peripheral segments have 

sufficient signal strength to be successfully connected into a continuous tree in post-processing. 

The difference between the individual testing cases and the final system performance reflects the 

system’s ability to generalize across the various anatomical complexities in the AeroPath dataset, 

and thus, results in a very robust tool for clinical research. 

 

 Topological analysis of the extracted skeletons shows that the model is consistently able 

to capture distal branches beyond the 8th generation. The W-RSAUnet is able to trace 

continuous pathways up to the 12th bronchial generation in high resolution cases such as Case 

25. This is a major breakthrough, since standard 3D architectures are generally limited in 

resolution in the 6th or 7th generation due to feature erosion. 

6. Comparative Study  

We compared the performance of W-RSAUnet with standard 3D U-Net and Attention U-

Net architectures [27]. Standard models performed comparably on Dice scores of the large 

central airways (trachea and main bronchi) but missed the high-frequency spectral details of the 

distal tree. Table3 compares the previous model with the present study. 

 

Table 3: Configuration Performance Comparison on Test Cohort 

Configuration DSC TLR BDR 

Standard 3D U-Net 0.8120 0.6240 0.5890 

W-RSAUnet (No Wavelet - Pooling only) 0.8310 0.7130 0.6820 

W-RSAUnet (Full Framework) 0.8943 0.7611 0.7727 

• Standard 3D U-Net: Fragmented distal branches due to information loss in Max-Pooling 

layers.  

• W-RSAUnet (No Wavelet): Improved by RSA gates but still had branch breakage. 

• Full Framework: The combination of 3D-DWT and T=0.7 RSA gates resulted in the 

highest topological continuity. 

7. Limitations 

There are four key areas that summarize the model’s limitations: 

• Extreme Class Imbalance:Volume of airway voxels is <0.1%, making it difficult to 

distinguish sub-millimeter bronchioles from parenchymal noise, even with targeted loss 

functions. 
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• High Computational Cost:The 3D convolutions and multi-band wavelet decomposition 

require large GPU memory, which forces a patch-based approach. 

• Global Context Loss: Patching retains the local fine details but neglects the entire lung 

structure, which may cause fragmented segments in complex branching zones. 

• Topological vs. Volumetric Gap:The model optimizes for voxel-wise overlap 

(Dice/Tversky) but doesn’t guarantee mathematical connectivity, leaving the post-

processing step to “stitch” the tree together. 

• Noise Sensitivity:The lossless wavelet encoder is very sensitive to high frequency 

signals, which might cause occasional misidentification of sharp vascular edges or 

motion artifacts as airways. 

8. Conclusion 
 

Here, we propose a novel deep learning framework, called W-RSAUnet, for the 

challenging task of distal airway segmentation. To address the vital issue of "information 

erosion", we added 3D Discrete Wavelet Transforms (DWT) into the encoder to allow the model 

to preserve the high-frequency spectral features of sub-millimeter bronchial branches. The 

addition of Residual Spatial Attention (RSA) Gates with temperature-scaled sharpening further 

enhanced the model’s ability to differentiate tubular airway structures from the complicated lung 

parenchyma noise.  

 

We validate this approach experimentally on the AeroPath dataset, where it outperforms 

the state of the art with a Tree Length Rate (TLR) of 76.11%±5.42%, and a Branch Detectability 

(BD) of 77.27%±5.09%.Weighted Tversky Loss (β=0.7) was strategically used to overcome the 

extreme class imbalance in distal airway data, forcing the network to focus on structural 

connectivity instead of voxel-wise overlap. 
 

 The resulting high-fidelity 3D reconstructions provide a robust basis for virtual 

bronchoscopy and targeted lung biopsies. Future work will explore the integration of this 

architecture into real-time surgical navigation systems and its application to other sparse tubular 

structures such as the pulmonary vascular tree. 
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