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A Two Stage Pipeline for Left Atrial Wall Constrained Scar
Segmentation and Localization from LGE-MR Images

Bipasha Kundu'and Cristian Linte'?

Abstract— Accurate segmentation and localization of left
atrial (LA) ablation scars from Late gadolinium enhancement
(LGE)-MRI is essential for assessing the lesion completeness
and guiding ablation therapy. Incomplete or discontinuous
lesions can increase the recurrence rate of the therapy and
inaccurate localization can misguide treatment planning.
However, reliable quantification and localization of scar in
LGE-MRI is challenging. The severely class imbalanced scar
voxels, thin structure of the LA wall, and weak tissue contrast
often lead to unrealistic scar predictions. In this paper, we
propose a two stage nnUNet based framework that takes
LA anatomy into account to help with more precise scar
localization and segmentation. In the first stage, an nnUNet
model is trained to segment the LA cavity. In the second stage,
patient specific cavity and wall signed distance maps (SDMs)
are derived from the predicted anatomy to use as geometry
aware inputs, and explicitly encode each voxel’s signed spatial
relationship to the atrial cavity and wall. This approach
transforms scar segmentation from a solely intensity-based
classification into anatomy-conditioned localization task,
providing a continuous spatial prior that stabilizes learning
for the thin atrial wall and suppresses topologically invalid
predictions. To further address boundary ambiguity, we
introduce a wall ROI-masked weighted loss combined with
boundary uncertainty-aware supervision strategy that restricts
learning to the atrial wall, while accounting for severe class
imbalance. We evaluated our approach on the LAScarQS
2022 dataset and achieved a Dice of 61.1% and ASSD of
1.711mm. Our reliable and effective framework improves
scar segmentation and localization accuracy by enforcing
anatomical validity through geometry-aware supervision, and
lowering the false positive detections far away from the atrial
wall.

Keywords—Cardiac ablation, Computer-aided diagnostic sys-
tems, Al-enhanced diagnostic technologies, Image-based diag-
nostic systems, Al-assisted image-guided interventions.

I. INTRODUCTION

Atrial fibrillation (AFib), the most common sustained
cardiac arrhythmia, affects an estimated 10.5 million adults
in the United States and is nearly three times more prevalent
than previously reported [1]. AFib originates in the upper
chambers of the heart and is commonly treated using radio-
frequency catheter ablation, in which targeted myocardial
tissue is intentionally scarred to interrupt abnormal electrical
conduction. However, 20% - 40% post-ablation recurrence
often occurs, and patients are required to undergo multiple
repeat procedures, increasing procedural risk and healthcare
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burden [2]. Accurate localization and segmentation of LA
scar tissue region enable patient specific ablation, lesion
placement, reducing the procedural risk and recurrence rate
to provide long term treatment success and reduce unneces-
sary tissue damage [3].

Late gadolinium enhancement magnetic resonance imag-
ing (LGE-MRI) has been increasingly used to characterize
and visualize left atrial (LA) anatomy and ablation-induced
scar tissue. Anatomically, atrial scar resulting from ablation
therapy is expected to lie on the thin myocardial wall of
the LA [4]. However, scar mapping is difficult due to the
weak contrast, extremely thin wall (1-2 voxels), and severely
class imbalanced (scar is < 5% of the LA wall). In addition,
the manual annotation is extensively time consuming and
subjective. The automated pixel-wise learning segmentation
on the entire image often biases the model towards the
background predictions and hallucinates the presence of scar
in the blood pool or surrounding myocardium. As a result,
it predicts false positives (FPs) with standard segmentation
loss and misses wall confined fibrosis by producing clinically
unreliable scar maps.

With the rapid advancement of deep learning in medical
imaging applications such as disease detection, classifica-
tion or segmentation, increased attention have been directed
towards the automated LA cavity and scar segmentation
from LGE-MRI. While LA cavity segmentation has been
extensively studied with strong performance reported across
multiple datasets [5], [6], accurate segmentation of atrial scar
remains comparatively underexplored and more challenging.
For LGE-MRI in particular, hyper intense signal is not
specific to fibrosis, as residual blood pool enhancement,
partial volume effects in the thin atrial wall, and surrounding
structures can also exhibit similar intensities that leads the
intensity driven models to misclassify non-scar regions as
scar. Yang et al. [7] introduced one of the earliest deep learn-
ing approaches for LA scar segmentation, using super pixel
based feature extraction and stacked sparse autoencoders.
Khan et al. [8] implemented a two stage method and used
boundary2patch to segment scar around the LA cavity. Zhang
et al. [9] used Convolutional Block Attention Module and
edge attention module with residual nnUNet. Many studies
have explored joint segmentation and quantification of atrial
scar in concert with LA segmentation. To mitigate the dom-
inance of background regions and emphasize anatomically
relevant structures, LGE-MRI volumes have been center
cropped to restrict analysis to a ROI surrounding the LA
[4], [10], [11], but the reported performance is significantly
poor due to its inherited challenges mentioned earlier. Using


https://arxiv.org/abs/2604.27101v1

the same dataset as the challenge described in [12], prior
methods report the mean scar dice on test dataset ranged
from 0.47 to 0.59, demonstrating the persistent difficulties
associated with sufficiently quantification of scar.

These limitations suggest that architectural changes or
pixel-wise supervision alone are not sufficient. Instead, con-
strained learning with meaningful anatomical region and
boundary-aware learning is needed. To address these chal-
lenges, we introduce a two stage nnUNet based pipeline
that incorporates LA anatomy into the learning process by
segmenting the LA cavity in the first stage. Inspired by
the observation in [13], where distance maps can enhance
segmentation performance, this initial prediction is subse-
quently used to derive the patient specific wall and cavity
signed distance maps (SDMs) to guide scar segmentation.
In the second stage, scar segmentation is performed using
these geometry-aware representations. The wall constrain
and boundary aware uncertainty ROI loss for imbalanced
scar learning restricts gradient updates to the atrial wall
region, reducing the impact of extreme class imbalance and
preventing anatomically implausible scar predictions. The
proposed approach enhances scar segmentation performance
without modifying the nnUNet architecture, relying instead
on geometry-aware inputs and loss design.

II. METHODS
A. Overview

Motivated by the prior work by Zhou et al. [14], we
hypothesize that explicitly incorporating LA anatomical in-
formation can improve scar segmentation performance. Since
LA cavity segmentation is a well established task, our focus
is placed on improving scar segmentation and localization.
This task remains challenging due to the very limited pub-
licly available annotated datasets and the inherent challenges
imposed by the extremely sparse imbalanced scar regions,
and difficulty to to identify thin, low-contrast fibrotic tissue
from LGE-MR images.

The backbone of this work is nnUNet-v2 [15], which we
adopt as a strong and established segmentation framework.
Fig. 1 illustrates the overall pipeline for scar segmenta-
tion and localization task. The nnUNet model preserves its
original U-shaped framework with an extension to accept
multiple input channels, and a customized loss function is
implemented via a custom trainer derived from the stan-
dard nnUNet trainer class. In addition, boundary uncertainty
aware supervision is incorporated to improve robustness in
anatomically ambiguous regions.

B. Dataset and Implementation

All experiments were conducted on 3D LGE MRI from
the LAScarQS 2022 (Task 1, Task 2) dataset [12]. For LA
cavity segmentation in stage 1, we used Task 2 as the training
set, which contains 130 LGE-MRI volumes with cavity
annotations, and trained the model using all available cases.
Evaluation was performed on the LA cavity annotations from
Task 1 to assess cross-task generalization.

For stage 2 scar segmentation, we used Task 1, comprising
60 LGE-MRI volumes with scar and used 80% of the data
as training and 20% for testing. Across both tasks, images
had in-plane resolutions of 576 x 576 or 640 x 640, with
44 or 88 slices per volume. For stage 1, we used the default
nnUNet configuration and trained the model for 1000 epochs.
For stage 2, we employed the proposed multi-channel input
representation and customized loss functions, as described in
the Methods section, and trained for 350 epochs. All models
were implemented in PyTorch and trained on an NVIDIA
GeForce RTX 2080 Ti (11 GB) GPU.

C. Distance Map Encoding

We use the SDMs as a multi-channel input for the 2nd
stage. Let Q C Z2 denote the voxel grid and = € Q a voxel
location. Let Mpa : © — {0,1} be the binary LA cavity
mask. We define the Euclidean distance transform with voxel
spacing s = (S, sy, ;) (mm) as

Ds(A)(z) = min||(z = y) © sz, (1)

where ® denotes element wise multiplication.
The cavity SDM (positive inside the cavity, negative
outside) is computed as

SDMa(2) = Dy({Mpa = 1})(z) — Dy({Mpa = 0})(x)

2)
This corresponds to the difference between the distance to the
background and the foreground, yielding SDMc,y () > 0
inside the LA cavity and SDM.,y (z) < 0 outside.

To obtain a symmetric LA wall band around the cavity
boundary, we apply a binary dilation and erosion to Mt a
using a structuring element of radius r voxels (chosen to
approximate a wall thickness of 7 = 2 mm). The wall band
mask is defined as

Mwall(x) = 5T(MLA(-T) ¥ 67‘(MLA($)) (3)

where J,(-) and €,(-) denote dilation and erosion, respec-
tively, and @ denotes the logical XOR for binary mask. Here

we define
-
r= max(l,round(,)) @)
min(s,, sy)

using the in plane spacing to make the band thickness stable
under through-plane anisotropy.

Using the wall band My,y, the wall SDM is computed
analogously as

SDMwall(-r) = Ds(Q \ {Mwall = 1}) (.I)
- Ds({Mwall = 0}) (‘T)

yielding positive values inside the wall band and negative
values outside.
Finally, both distance maps are clipped to a maximum
magnitude ¢ and normalized to [—1,1]:
clip(SDM(z), —¢, ¢)

SDM(z) = ; ,

®)

c=12mm (6)
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Fig. 1.

D. Boundary Uncertainty Aware Supervision

In AFib ablation therapy, fibrotic scar tissues are spatially
concentrated near the wall, not in the cavity or surrounding
tissue [11]. However, in LGE-MRI, the LA wall is thin
and exhibit poor contrast, and small geometric errors in
atrial segmentation can lead to large localization errors near
the wall boundary. To explicitly model this uncertainty, we
introduce a boundary uncertainty band (BUB) using the SDM
of the LA wall.

Let Q C R3 denote the image domain, y(x) € {0,1}
denote the ground truth scar label, and p(z) € [0,1] denote
the predicted scar probability at voxel z. Let Dyan(z) €
[-1,1] denote the SDM of the LA wall. We define an
uncertainty band of width 7 = 3 mm as

By ={z € Q| |Dyan(z)| < 7} (7)

The effective supervision region is constructed as the
union of the wall mask Ry and the band:

Reg = Ryan U B, 3

All loss terms are computed within R.g, which increases
sensitivity to scar voxels near uncertain wall boundaries
while preventing the network from learning spurious scar
predictions outside anatomically plausible regions and im-
proves Dice by reducing false negatives (FNs) at the wall
boundary.

E. Weighted ROI-Masked Loss function

Due to the challenges involved in segmenting scar, pixel-
wise supervision often leads to boundary hallucination. To
avoid label leakage, the anatomical wall ROI masks were
used for loss masking and evaluation, and were explicitly
removed from the network input to ensure that the model
learns from the image intensity.

Overview of the proposed two-stage anatomy-guided scar segmentation and localization framework.

Let R(z) € 0,1 denote the binary wall ROI derived
from the predicted atrial cavity of stage 1. The ROI-masked
training loss is defined as

@Wﬁ%memmmm»

€N

IR =Y R(x)

e
©))
1) ROI-masked Dice loss: The ROI-masked Dice loss
optimizes overlap exclusively within the atrial wall:

B 23, R@)p(x)y(z) + €

2 g R(w)p(z) + 22, R(z)y(x) + e
This term reduces boundary hallucination and enforces spa-
tial consistency of scar predictions within the LA wall.

2) ROI-masked BCE loss: Within the LA wall, scar voxels
are extremely sparse. To counter this imbalance, we employ
a ROI-masked weighted binary cross-entropy (BCE) loss:

Cliven = g 30 B~ w*y(a) log o (+(x)

R
EDice =1

(10)

(11
(1= () log(1 - o((x)))]

The positive class weight is computed adaptively based on
scar prevalence inside the ROI:

P=Y Ra@yle), N=Y R@-y) 12

/N + ¢
t= 1 —,1 max | s
w camp( Pre , W )

where wyax= 10. This formulation increases the penalty for
false negative predictions when scar is rare i.e. increases the
weight, while ROI masking simultaneously suppresses FPs
outside the atrial wall. The class weight is clamped to avoid

13)



the gradient explosion and the square root scaling moderates
weight growth to ensure stable optimization.

Both Dice and BCE terms are computed exclusively
within a wall ROI. This focuses learning on anatomically
valid locations and prevents learning driven by background
intensity patterns.

3) Combined ROI Loss: The primary training objective is
defined as:

Lror = AbiceLBice + ABeLE s 0R, (14)

where Ap;..=1 and Apcp=2 balance region based overlap
and voxel wise classification.

4) Final loss function: To preserve weak global consis-
tency while maintaining anatomically constrained learning,
we optionally include a global Dice regularization term:

L = Lror + a Apiee £I20, (15)

where o << 1(0.1) controls the global supervision and

Engi‘zbe“l is computed over the full image domain.

III. EXPERIMENTS AND RESULTS
A. Result Analysis

We primarily evaluated our pipeline using the Dice Simi-
larity Coefficient (DSC) for both LA and scar segmentation.
For LA cavity segmentation, the reported DSC was 93.2%.
This accuracy indicates that the geometry priors passed
to stage 2 are highly reliable and any residual errors at
this level would most likely shift the wall ROI slightly
rather than introduce false scar predictions. Therefore, the
reported scar performance reflects a conservative estimate.
As our primary concern was to segment and localize the
scar, we additionally evaluated the localization performance
with Average Symmetric Surface Distance (ASSD) [16] and
centroid error to provide a comprehensive assessment. The
scar segmentation performance is summarized in Table I,
while the scar localization error is reported in Table II.

1) Quantitative segmentation and localization perfor-
mance: The baseline nnUNet achieves a mean DSC of
52.4%+12.9, which indicates its inherent difficulty with seg-
menting scar from LGE-MRI. After incorporating anatomical
SDMs derived from the predicted LA cavity, the performance
improved consistently and increased the DSC to 53.8%=+12.5,
reducing the mean ASSD from 2.075 mm to 1.952 mm.
Although the absolute ASSD change is small, ASSD shows
how well we locate boundaries. Consistent reductions indi-
cate better geometric alignment of scar predictions along the
thin atrial wall, which is essential for accurate scar localiza-
tion. This also shows that geometry-aware representations
give useful spatial context for scar segmentation.

Further gains are observed after introducing ROI (wall
ROI) supervision, which restricts learning to anatomically
plausible wall regions. The nnUNet with Anatomy SDM and
ROI Loss configuration improves the DSC to 58.4% + 11.7
and further reduces the centroid error and ASSD, highlight-
ing that ROI loss is reducing FP predictions outside the atrial
wall. Finally, the model combining the anatomy SDMs, ROI

TABLE I
SEGMENTATION EVALUATION, MEAN SCORES (%) £ SD FOR SCAR
SEGMENTATION IN THE LASCARQS DATASET, * P < 0.05 INDICATES
STATISTICAL SIGNIFICANCE

Method DSC (%) Centroid Error ASSD (mm)

nnUNet 524 £ 129 6.6 + 2.6 2.075 £ 1.3

nnUNet 53.8 £ 12.5 54 +£22 1952 £ 1.2

(SDM)

nnUNet 584 + 11.7 5.1 425 1.732 £ 1.0
(SDM, ROI)

nnUNet 61.1 £+ 11.5% 4.84 + 2.4 1.711 + 1.2
(SDM, BUB,

ROI*)

TABLE 11

ANATOMICAL ERROR ANALYSIS (%) OF ATRIAL SCAR SEGMENTATION
IN THE LASCARQS DATASET.

Method FP in cavity | FP outside wall | FN inside wall

nnUNet 724+52 225 + 69 20.7 + 4.7

nnUNet 69 +55 22.1 £ 6.5 202 £ 54

(SDM)

nnUNet 6.6 + 5.1 21.7 £ 6.7 193 £ 52
(SDM, ROI)

nnUNet 6.5 + 5.2 19.5 £ 7.7 18.6 + 4.8
(SDM, BUB,

ROI)

loss with BUB achieves the best overall performance, with a
DSC of 61.1% + 11.5 and the lowest centroid error (4.84+2.4
mm). These results indicate improved spatial localization of
scar tissue along the atrial wall, beyond voxel-wise overlap.
The DSC was compared with nnUNet and nnUNet with
SDM+ROI, the proposed method improves DSC on the test
set, with statistically significant differences (paired t-test, p
< 0.05 for both comparisons).

2) Anatomical Error Analysis: We further evaluate the
anatomical consistency to validate the localization of scar.
Table II reports FP and FN rates within the relevant regions.
The baseline nnUNet produces a percentages of FP predic-
tions outside the atrial wall (22.5% % 6.9), reflecting how
intensity based models hallucinate scar in non-anatomical
regions. These reductions are clinically significant, as FP
predictions outside the atrial wall may mislead ablation
planning, while FN predictions along the wall may result
in missed arrhythmical substrate. While the inclusion of
anatomy SDMs provides a modest reduction in FP outside
the wall, anatomically implausible predictions remain preva-
lent without explicit region constraints.

The introduction of ROI-masked supervision reduces FP
prediction rates outside the atrial wall, decreasing FP outside
the wall to 21.7% =+ 6.7, while also reducing FN predictions
inside the wall. The full model with boundary uncertainty
further improves anatomical consistency, achieving the low-
est FP rate outside the wall (19.5% + 7.7) and the lowest
FN rate inside the wall (18.6% = 4.8). This indicates that
boundary-uncertainty-aware supervision effectively recovers
true scar voxels near ambiguous wall boundaries while



maintaining strict anatomical constraints elsewhere.

Ground truth

nnUNet

Fig. 2. Axial views illustrating overlaid predictions (green) and ground truth
(red) scar localization WITH LA anatomy across different model variants.

3) Qualitative Analysis: We provide a qualitative com-
parison of scar localization across different model variants
in Fig. 2. The baseline nnUNet exhibits fragmented scar
predictions and produces FPs outside the atrial wall. Incor-
porating anatomy-guided SDMs improves spatial alignment
of predicted scars with the atrial wall but still shows gaps
and inconsistent boundary coverage. In contrast, the SDMs
with boundary-uncertainty-aware supervision yields more
continuous scar delineation along the atrial wall. Although
there are discontinuities, these are expected given the weak
contrast and partial volume effects in LGE-MRI, particularly
in regions of very thin atrial wall. Overall, these observations
are consistent with the quantitative reductions in centroid
error and FP predictive rates reported in both Tables.

IV. CONCLUSIONS

This study presents a framework for segmenting and
localizing scar from LGE-MRI. By leveraging a reliable LA
cavity segmentation in the first stage, we derived the patient
specific cavity and wall SDMs to guide scar learning in the
second stage. The boundary uncertainty-aware supervision
and ROI-masked weighted loss limit learning to anatomically
plausible areas. While the test set is limited, we report
consistent improvements across all ablation settings. This
approach reduces boundary ambiguity and extreme class im-
balance. Experimental results highlight improved scar Dice,
reduced surface errors, and fewer anatomically implausible
FP predictive rates compared to baseline nnUNet configu-
rations. In addition to these performance improvements, this
work demonstrates that enforcing anatomical validity through
geometry-aware representations and controlled supervision
is more effective than architectural complexity for atrial
scar segmentation. This paradigm offers a methodological
foundation for clinically reliable cardiac image analysis.
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