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Abstract. Airway segmentation from chest CT is essential for safe nav-
igation of the bronchoscopy and the targeting of distal lesions. How-
ever, segmentation models frequently exhibit structural failures under
domain shift, including disconnected distal branches and boundary leak-
age. Existing post-hoc refinement methods either apply heuristic topol-
ogy operations or directly predict corrected masks, implicitly coupling
error localization and correction, and limiting controllability. We pro-
pose FDRAS (Failure Diagnosis and Repair for Airway Segmentation),
a two-stage reliability framework that explicitly decouples failure local-
ization from conservative correction. Given a CT volume and an ini-
tial segmentation, FDRAS performs hypothesis verification by predicting
two complementary error maps: (1) a Signed Distance Function (SDF)-
based geometric error map capturing boundary discrepancies, and (2)
a tree-level connectivity error map localizing disconnected branches via
skeleton analysis. These error maps condition a mask-only refinement
network through cross-attention, enabling targeted updates while pre-
venting topology drift. By externalizing structural inconsistencies and
anchoring correction to predicted failure fields, FDRAS enables topology-
aware repair rather than direct mask transformation. Under strict zero-
shot evaluation across two external datasets and multiple backbones,
FDRAS improves branch-level detection and connectivity by up to +4.8
percentage points (pp) compared to the strongest competing refinement,
while maintaining competitive voxel-level accuracy, demonstrating its ef-
fectiveness as a post-hoc structural reliability layer for deployment.
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1 Introduction

Accurate airway segmentation from chest CT is critical for bronchoscopy nav-
igation and surgical planning [4], where structural completeness and connec-
tivity directly affect downstream anatomical reasoning. Although recent archi-
tectures report strong benchmark performance and incorporate topology-aware
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constraints [21, 12, 20, 23], topology consistency can still degrade under domain
shift arising from scanner variability and population heterogeneity [6], and voxel-
wise overlap metrics may fail to reveal these structural failures [13]. Therefore,
reliable clinical deployment requires an additional layer that explicitly localizes
structural violations and enables controlled correction.

Current efforts toward improving segmentation reliability generally fall into
two categories: post-hoc quality diagnosis and mask refinement. Quality control
methods estimate global scores or voxel-wise error maps [5, 1, 14], but they stop
at detection and do not perform correction. Refinement approaches directly mod-
ify the predicted mask, either via endpoint-based geometric linking [19], universal
topology-aware transformations [8], or CT-guided adversarial refinement [16]. Al-
though these methods can improve overlap or topological metrics, detection and
correction are either implicitly coupled within a single mask transformation [16,
8] or implemented as a learnable topology-focused detection module followed by
heuristic, non-learnable repair operations [19].

This reveals a key limitation: diagnosis methods detect errors but do not
correct them, while refinement methods modify the mask without explicitly sep-
arating failure localization from correction within a jointly learned framework. As
a result, repair lacks controllable, diagnosis-conditioned guidance under domain
shift. To address this gap, we propose FDRAS, a failure diagnosis and repair
framework that first predicts where structural errors occur and then conditions
refinement on these localized failure maps. Given a predicted mask and CT vol-
ume, FDRAS estimates (1) an SDF-based boundary discrepancy field and (2) a
tree-level connectivity map derived from skeleton analysis. These maps guide a
mask-only refinement network via cross-attention, enabling targeted correction
while preserving reliable regions. By separating error detection from correction,
FDRAS performs controlled, topology-aware repair under domain shift.

We train FDRAS on ATM [22] and evaluate robustness under strict zero-
shot settings on two unseen external datasets, AirRC [9] and AeroPath [15].
Experimental results demonstrate consistent improvements in structural valid-
ity and branch-level detection metrics while maintaining competitive voxel-level
accuracy. To further assess generalization beyond public datasets, we perform
additional validation on an ex-vivo human lung with corresponding CT imaging.
Without retraining or fine-tuning, FDRAS restores distal branch continuity and
improves structural coherence under this in-vivo to ex-vivo distribution shift,
providing further evidence of robustness in anatomically and acquisition-diverse
settings. The code, ex-vivo dataset, and implementation and evaluation utili-
ties are available at https://github.com/SIRGLab/FDRAS. To summarize, our
contributions are:

1. We propose FDRAS, a backbone-agnostic framework that decouples struc-
tural failure diagnosis from segmentation refinement.

2. We introduce a structural error-map formulation consisting of an SDF-based
boundary discrepancy field and a tree-level connectivity map.

3. We design a lightweight two-stage cross-attention architecture that performs
error-conditioned, spatially targeted refinement.
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2 Methodology

Fig. 1. Overview of FDRAS. The framework consists of (1) structural error-map pre-
diction from the initial segmentation and CT volume, and (2) error-conditioned refine-
ment guided by spatially reduced cross-attention.

As illustrated in Fig. 1, given an initial segmentation M ∈ R1×D×H×W and
its corresponding CT volume I ∈ R1×D×H×W , FDRAS operates in two explic-
itly decoupled stages: (1) structural failure verification and (2) error-conditioned
conservative refinement. First, a diagnosis network predicts two structural failure
fields from (M, I): a boundary-aware map ESDF capturing geometric discrepan-
cies, and a topology-aware map Etree localizing connectivity violations. Next,
a refinement network takes (M,ESDF, Etree) as input and produces a corrected
segmentation M̂ . Cross-attention conditions the refinement on encoded mask
features and the predicted error maps, focusing updates on localized structural
defects while preserving reliable regions.

2.1 Structural Error Representation

Existing topology-repair methods [19, 8] mainly target connectivity violations.
However, connectivity alone does not fully characterize structural failure: bound-
ary leakage, over-segmentation, and geometric inconsistencies may persist even
when global topology appears intact. Reliable structural diagnosis therefore re-
quires modeling both geometric and topological discrepancies.

To address this gap, we explicitly model structural errors using two comple-
mentary voxel-wise maps that identify failure regions and guide targeted refine-
ment. While prior works employ SDFs as segmentation representations [2], we
instead construct an SDF error map that quantifies boundary discrepancy. This
is paired with a tree error map that isolates root-connected branch violations.
The formulation is detailed below.
SDF Error Map. The SDF error map ESDF captures dense boundary discrep-
ancies using continuous geometric representations. Let ϕ(·) denote the signed
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distance transform [10], which encodes the distance of each voxel to the nearest
boundary with sign indicating inside or outside. We define

ESDF = |ϕ(M)− ϕ(Mgt)| , (1)

which measures voxel-wise boundary deviation magnitude and provides a spa-
tially dense characterization of geometric mismatch.
Tree Error Map. The tree error map Etree localizes branch-level connectivity
violations using airway centerline analysis [7]. Let Mgt denote the ground-truth
airway mask, and let S(·) extract its centerline representation. Let Croot(M)
denote the connected component of the predicted mask M that remains attached
to the proximal airway root. We define

Etree = S(Mgt) ∧ ¬Croot(M), (2)

where ∧ and ¬ denote voxel-wise logical AND and NOT operations, respec-
tively. Thus, Etree highlights centerline voxels in the ground truth that are not
connected to the root in the prediction. This sparse map isolates important
connectivity failures that are not detectable from boundary discrepancy alone.

Together, the SDF and tree error maps jointly encode dense geometric devia-
tions and sparse connectivity violations, forming a structural error representation
for controlled refinement. Although defined using ground-truth discrepancy for
supervision during training, inference relies solely on the predicted mask and
CT volume, without access to ground truth. During training, error maps are
constructed from ground truth for supervision, while at inference the diagnosis
network predicts these maps directly from (M, I).

2.2 Failure-Aware Diagnosis and Refinement

To enable diagnosis-conditioned repair, we adopt a two-stage design that first
verifies structural consistency using CT evidence and then performs refinement
conditioned on the predicted error maps. Unlike prior approaches that directly
modify the predicted mask [19, 8, 16], we explicitly separate (i) error localization
and (ii) error correction. This separation ensures that updates are driven by
localized structural failures and minimizes unintended changes in regions that
are already correct.
Failure Verification Stage. In the first stage, we verify the predicted segmen-
tation rather than re-segmenting the CT. The predicted mask is treated as a
hypothesis, and the CT volume is used only to assess whether it is anatomically
consistent. During inference, the model receives only the predicted mask and CT
image and outputs structural error maps. To ensure that CT evidence does not
overwrite the mask, we use asymmetric cross-attention, i.e, mask features act as
queries, while CT features act as keys and values. This design allows CT infor-
mation to highlight inconsistencies in the existing segmentation, but prevents it
from reconstructing structures directly from appearance.

Let FM = fM (M) and FI = fI(I) denote mask and CT feature embeddings
extracted by lightweight 3D convolutional blocks. Each block consists of two
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3 × 3 × 3 convolutions with instance normalization and ReLU, while decoder
upsampling uses 3D transposed convolutions with skip connections. We employ
a spatially reduced cross-attention operator in which query, key, and value em-
beddings are projected and uniformly downsampled using strided 3D average
pooling with reduction factor s = 4. Scaled dot-product attention is computed
on the reduced grid, and the upsampled attended features are added residually
to the mask features before task-specific decoding:

Êk = gk(FM +Up(Attn(FM , FI , FI))) , k ∈ {tree, SDF}. (3)

By computing attention on a reduced-resolution grid and adding updates
residually to mask features, the module evaluates structural consistency region-
ally. CT evidence modulates the existing segmentation without reconstructing
it, highlighting inconsistent regions while preserving reliable structures.
Error-Conditioned Refinement. In the refinement stage, the predicted mask
remains the primary representation, while structural error maps provide localized
correction cues. We perform cross-attention with mask features as queries and
encoded error-map features as keys and values, ensuring that updates are applied
relative to the current segmentation state and only where structural errors are
indicated. Unlike approaches that directly fuse CT and mask features during
repair [16], refinement is conditioned exclusively on the predicted failure fields,
preventing appearance-induced topology drift under domain shift.

Let Ê = {Êtree, ÊSDF} denote the predicted error maps from the diagnosis
stage, and let FE = fE(Ê) denote their encoded representation. Let Z denote
decoder features extracted from the initial mask. We adopt the same spatially
reduced cross-attention design as in the diagnosis stage, replacing CT features
with encoded error-map features as keys and values. The voxel-wise residual
correction is predicted as

R = gdec(Attn(Z,FE , FE)) . (4)

The refined probability map is obtained as P̂ = clip(M + R, 0, 1), and the final
segmentation is defined as M̂ = 1(P̂ > 0.5). By modeling refinement as residual
correction rather than full regeneration, the model performs spatially localized,
structurally guided updates conditioned on the predicted failure maps.
Training Objective. We jointly optimize the diagnosis and refinement stages
in an end-to-end manner:

L = Lerr + Lref. (5)

The error-map supervision term is defined as:

Lerr = λℓ1
err ∥Ê − E∥1 + λbce

err LBCE(Ê, E), (6)

where ∥·∥1 denotes the voxel-wise ℓ1 loss and LBCE denotes binary cross-entropy.
E = [Etree, ESDF] and Ê = [Êtree, ÊSDF] denote the concatenated ground-truth
and predicted error maps derived from Mgt and M , respectively.

The refinement supervision term is:

Lref = λℓ1 ∥P̂ −Mgt∥1 + λdice LDice(P̂ ,Mgt) + λbce LBCE(P̂ ,Mgt), (7)
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where LDice denotes the soft Dice loss [11], P̂ is the refined probability map, and
Mgt is the ground-truth mask.

3 Experiments

3.1 Experimental Setting

To evaluate FDRAS as a backbone-agnostic post-hoc reliability layer, we train
it on the 300 publicly released ATM cases [22], split at the patient level into 240
training and 60 validation scans. Initial airway segmentations are generated using
nnUNet from TotalSegmentator [18], and FDRAS is trained on frozen backbone
predictions without updating backbone weights. All volumes are resampled to
a unified spatial resolution and intensity-normalized. The model is optimized
with AdamW (learning rate 1 × 10−3) for 20,000 iterations with batch size 1
and standard augmentation (random flipping and rotation). Loss weights are
λℓ1 = 0.1, λdice = 2, λbce = 1, λℓ1

err = 1, and λbce
err = 1 without scenario-specific

tuning for individual datasets or backbones. Experiments are conducted on a
NVIDIA RTX 4090 GPU, with an average inference time of 25 s per case.

For evaluation, the same FDRAS checkpoint is applied to initial segmenta-
tions produced by nnUNet [18] and TfeNet [20], without TfeNet-specific retrain-
ing. For cross-dataset robustness, the trained model is directly applied to two
external datasets under strict zero-shot settings: AirRC [9] (254 CT scans with
pulmonary nodules) and AeroPath [15] (27 CT scans with airway pathologies).
We compare against representative post-processing methods for airway topology
repair, including PTR [19], UTR [8], and ATRNet [16]. As pretrained weights
are unavailable, all baselines are retrained on ATM using identical backbone
predictions, following the original papers, with hyperparameters tuned on the
validation split. Following prior work [20], we report Dice (DSC), tree detection
rate (TD), branch detection rate (BD), and precision (Pre) as case-wise means.

3.2 Results

Quantitative Results. Under zero-shot evaluation, FDRAS consistently achieves
the best structural performance across both datasets (Table 1). Compared with
the strongest competing refinement, TD/BD improve by +2.0/+1.6 pp (AirRC)
and +2.4/+3.1 pp (AeroPath) with nnUNet, and by +4.0/+4.8 pp (AirRC) and
+0.9/+1.2 pp (AeroPath) with TfeNet. Although precision decreases in some
settings—most notably on AeroPath with TfeNet—the gains reflect improved re-
covery of distal branches rather than spurious over-segmentation (TD improved
in 25/27 cases and BD in 19/27 cases). Overall, FDRAS enhances structural
completeness and connectivity under domain shift. By restoring disconnected
distal branches, FDRAS improves global tree integrity and anatomical coverage,
which is clinically important for bronchoscopy navigation and surgical planning
where missing peripheral branches can compromise path planning and lesion lo-
calization [21]. The consistent gains in TD and BD therefore indicate improved
functional reliability under domain shift.
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Table 1. Quantitative comparison on the AirRC [9] and AeroPath [15] datasets under
strict zero-shot cross-dataset evaluation. All metrics are reported in percentage (%).
Best results are highlighted in bold.

Method AirRC AeroPath
DSC TD BD Pre DSC TD BD Pre

nnUNet [18] 68.3 34.9 32.6 98.1 82.5 61.7 51.3 96.7
nnUNet [18]+PTR [19] 72.9 46.5 42.3 85.7 84.1 72.5 60.8 91.3
nnUNet [18]+ATRNet [16] 68.3 35.3 32.9 98.1 82.5 60.7 51.3 96.6
nnUNet [18]+UTR [8] 74.1 46.4 42.3 88.6 84.4 72.6 60.8 92.3
nnUNet [18]+Ours 76.8 48.5 43.9 88.8 85.2 75.0 63.9 88.6
TfeNet [20] 80.9 61.9 54.4 96.7 87.2 90.5 87.4 85.4
TfeNet [20]+PTR [19] 81.8 62.7 55.1 93.8 86.5 91.4 88.5 87.9
TfeNet [20]+ATRNet [16] 82.1 62.8 55.2 97.9 86.3 91.4 88.5 89.0
TfeNet [20]+UTR [8] 81.5 62.7 55.1 92.7 86.3 91.4 88.6 87.3
TfeNet [20]+Ours 84.8 66.8 60.0 88.2 83.7 92.3 89.8 78.8

Fig. 2. Qualitative comparison on an AeroPath case under strict zero-shot eval-
uation. From left to right: ground truth, nnUNet backbone, nnUNet+PTR [19],
nnUNet+UTR [8], nnUNet+ATRNet [16], and nnUNet+Ours. Red boxes highlight
larger proximal airway regions, while yellow boxes highlight distal airway regions. Our
method produces a more structurally solid and hierarchically coherent airway tree,
with improved branch continuity.

Qualitative Results. Figure 2 shows a representative AeroPath case under
strict zero-shot evaluation. The backbone exhibits distal boundary irregulari-
ties and structural thinning, partially mitigated by PTR and UTR. In contrast,
FDRAS restores branch continuity and yields a more coherent airway tree with
smoother boundaries. Some peripheral branches appear slightly thicker than the
annotation, likely due to CT resolution limits and thin-airway labeling uncer-
tainty, explaining the precision decrease while improving structural completeness
without introducing anatomically implausible structures.
Ablation Results. Table 2 demonstrates that both structural error condition-
ing and cross-attention are critical for topology-aware repair. Removing cross-
attention causes the largest degradation, with TD dropping by over 7% on both
datasets, while the precision increase reflects conservative yet incomplete pre-
dictions. Removing explicit error conditioning further reduces performance, in-
cluding a notable DSC drop (–7.7% on AirRC) and decreased BD, indicating
insufficient guidance under domain shift. Overall, explicit failure localization and
attention-based conditioning are jointly necessary for effective airway repair.
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Table 2. Key ablation study on the AirRC [9] and AeroPath [15] datasets using nnUNet
as the backbone. All metrics are reported in percentage (%). CAT: cross-attention
modules; EM: structural error-map conditioning.

Method AirRC AeroPath
DSC TD BD Pre DSC TD BD Pre

nnUNet+Ours (Full) 76.8 48.5 43.9 88.8 85.2 75.0 63.9 88.6
nnUNet+Ours w/o CAT 75.0 41.1 38.5 93.3 83.7 66.7 56.8 89.9
nnUNet+Ours w/o EM 69.1 45.9 41.2 75.3 78.7 73.8 61.8 77.3

Fig. 3. Validation on an ex-vivo human lung specimen (ethics approval obtained). The
backbone segmentation is generated by a 3D U-Net [3] trained on separate private
ex-vivo data. The figure shows the ex-vivo lung specimen in the CT scanner, the cor-
responding CT slice, backbone prediction with zoomed-in view, FDRAS refinement,
and the predicted SDF-based error map (warmer colors indicate larger geometric dis-
crepancy). Yellow regions in the U-Net and FDRAS outputs denote nodule tissue. Red
boxes highlight distal airway discontinuities in the backbone prediction.

Ex-vivo Validation. To evaluate robustness under a more significant domain
shift, we further applied FDRAS without retraining to repair predictions ob-
tained from an ex-vivo human lung (Fig. 3). This setting introduces substantial
anatomical and acquisition differences compared to the in-vivo training data.
The backbone output exhibits distal branch discontinuities and structural thin-
ning (red boxes), while the predicted SDF error map highlights geometric in-
consistencies that guide localized correction. FDRAS restores branch continuity
and produces a more coherent airway trajectory extending closer to the nod-
ule region, providing qualitative evidence of generalization across a pronounced
in-vivo to ex-vivo distribution shift.

4 Conclusion

We presented FDRAS, a backbone-agnostic failure diagnosis and repair frame-
work that externalizes geometric and topological inconsistencies as structural
error maps and performs error-conditioned refinement. By decoupling failure lo-
calization from correction, FDRAS consistently improves branch detection and
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connectivity under strict zero-shot evaluation, with additional qualitative ro-
bustness observed in an ex-vivo setting. As a post-hoc reliability layer, its cor-
rective capacity remains bounded by the quality of the initial segmentation, and
branches entirely absent from the initial mask may not be recoverable. The cur-
rent tree-error formulation relies on skeleton-based comparison and may be sen-
sitive to voxel resolution and resampling. Future work will strengthen geometry-
and topology-aware modeling through distance-transform–based geometric de-
coupling [17], sensitivity analysis of architectural and loss settings, and broader
validation on diverse clinical datasets.
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