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Abstract—Accurate boundary delineation is critical for medical
image segmentation, especially in clinical scenarios involving
low contrast, noise, and irregular lesion morphology. Although
distance transform-based boundary losses have shown effec-
tiveness in improving geometric accuracy, their optimization
often becomes unreliable due to skewed distance distributions
and sensitivity to extreme values. This paper proposes Robust
Boundary Loss (RBL), an effective loss function designed to
enhance optimization reliability and boundary precision. RBL
employs a robust normalization strategy for signed distance
maps, in which extreme values are suppressed through percentile
truncation and informative boundary distances are rescaled
into a standardized range. This formulation provides well-
behaved and geometrically meaningful gradient signals during
optimization, without introducing additional architectural com-
plexity. Extensive experiments on four public datasets spanning
three modalities and multiple network architectures demon-
strate that RBL consistently reduces boundary errors, yielding
clear improvements in 95% Hausdorff Distance (HD95) while
maintaining comparable Dice Similarity Coefficient (DSC) and
consistent Average Surface Distance (ASD). In addition, RBL
exhibits reliable convergence behavior and lower computational
overhead compared with Hausdorff-based losses. These results
indicate that RBL can serve as a practical and plug-and-play
loss function for improving boundary accuracy in challenging
medical image segmentation tasks.
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loss, robust normalization, distance transform, deep learning
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I. INTRODUCTION

In medical image segmentation, precise boundary delin-
eation is vital for clinical diagnosis and treatment planning.
For example, in thyroid or breast ultrasound, the regularity and
infiltration of lesion margins are key indicators of malignancy
(e.g., lobulated or spiculated margins [1]). Similarly, in gas-
trointestinal endoscopy, accurate boundaries are a prerequisite
for determining resection margins in procedures like EMR or
ESD [2]. Furthermore, melanoma diagnosis in dermoscopic
images relies heavily on morphological irregularities, such as
jagged contours, which are core components of the ABCD
scoring system [3].

While deep networks like U-Net [4] and its variants [5]—[8]
have achieved great success, standard region-based losses (e.g.,
Dice loss [9] and cross-entropy [10]) often fail to optimize
boundary precision. These losses focus on global overlap,
making them insensitive to boundary errors that involve only
a small fraction of pixels [11]. Consequently, predicted seg-
mentations often exhibit blurred or geometrically inaccurate
boundaries. To address this, recent studies have introduced
boundary-aware loss functions using geometric priors like
distance transforms [12]-[15]. However, two major challenges
remain:

1) In low-contrast or noisy images, distance maps often
exhibit highly skewed distributions, leading to gradient
instability during training.

2) Common normalization strategies (e.g., global range
normalization) are highly sensitive to outliers, which
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compresses meaningful distance variations and hinders
the model’s ability to capture subtle structures.

In this paper, we propose the Robust Boundary Loss
(RBL) to resolve these stability issues. We observe that signed
distance maps in medical image segmentation often exhibit
highly imbalanced value distributions, where a small number
of extreme distances can dominate the scaling of Boundary
Loss and weaken gradient signals near object boundaries dur-
ing optimization. The core idea of RBL is an outlier-resistant
preprocessing mechanism for distance maps. Specifically, RBL
suppresses the interference of extreme values through quantile-
based truncation and enhances distance discriminability via
interval mapping. This design provides stable and geometri-
cally sensitive gradient signals, thereby effectively improving
boundary accuracy.

The main contributions of this paper are:

1) A critical analysis of how distance map distributions
cause gradient instability and feature compression in
existing boundary-aware losses.

2) The RBL function, which incorporates a quantile-based
robust normalization strategy. It improves training sta-
bility and boundary discriminability while remaining
simple to implement.

3) Extensive Validation and Versatility: We conduct com-
prehensive evaluations across four diverse medical imag-
ing modalities and multiple state-of-the-art architectures.
The results demonstrate that RBL consistently improves
boundary precision—specifically reducing HD95 by 1-2
points—while ensuring superior training stability and a
plug-and-play integration that requires no architectural
modifications.

RBL offers a plug-and-play solution for high-precision
medical image segmentation, with strong potential for clinical
application.

II. RELATED WORK

Medical image segmentation is often challenged by tiny
foreground regions, ambiguous boundaries, and complex
anatomical structures. While traditional region-based losses,
such as Dice loss, effectively handle class imbalance, they lack
explicit modeling of geometric structures. Consequently, they
often struggle to produce the high fidelity contours required
in clinical practice.

Ma et al. [16] provided a comprehensive analysis of various
loss functions, revealing that region-based and boundary-based
losses have complementary strengths. Their study suggests that
no single loss dominates all scenarios, highlighting the need
for designs that capture geometric information while ensuring
stable optimization.

To improve boundary quality, researchers have explored
various geometric and shape priors. For instance, the Gener-
alized Surface Loss (GSL) uses scale normalization to reduce
the Hausdorff distance [17], while TopK Dice Loss [18]
focuses on the most difficult pixels to enhance sparse region
learning. Recently, Inter-CBL [19] introduced an adaptive

Fig. 1: The blue and red curves denote the ground-truth and
predicted boundaries, respectively. For point A, the arrow
indicates the shortest distance z to the ground-truth boundary,
yielding a positive signed distance +x. Conversely, point B
has a signed distance of —y.

weighting mechanism to balance category level and sample
level contributions, showing strong generalization in kidney
and polyp segmentation.

Another research line incorporates boundary metrics or
distance representations directly into the optimization. Karimi
and Salcudean [20] proposed a loss based on the Haus-
dorff distance, while others have used Signed Distance Maps
(SDMs) [12] or Distance Transform Maps (DTMs) [13] as
auxiliary supervision. More recently, FRSLoss [14] applied
fuzzy rough set theory to model boundary uncertainty, and
FourierLoss [15] utilized Fourier descriptors to constrain con-
tour smoothness in the frequency domain.

Despite their performance, many of these methods are
computationally expensive or require complex architectural
changes, such as auxiliary branches for additional tasks or
online distance map generation. In contrast, the Boundary Loss
proposed by Kervadec et al. [21] offers a more elegant and
minimalist approach. Boundary Loss guides optimization via
a pixel-wise product between the prediction and the ground
truth distance function, followed by spatial averaging. Since
distance maps can be precomputed offline, Boundary Loss
adds negligible training overhead and requires no auxiliary
network heads. Its simplicity and effectiveness in imbalanced
tasks, like brain tumor segmentation, make it a highly practical
baseline for boundary optimization.

III. METHOD

Boundary Loss [21] has demonstrated strong performance in
medical image segmentation by explicitly penalizing boundary
errors. Its core idea is to use signed distance maps to quantify
boundary proximity. The loss is formulated as the element-
wise product between the predicted probability map pc and
the signed distance map dc. Here, pc denotes the predicted
foreground probability map after sigmoid (binary segmentation
setting), and dc’s sign convention follows Kervadec et al. [21],
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Algorithm 1 Robust Boundary Loss

// Input: predicted probabilities pc and binary mask M

/I Compute signed distance map dc:
/I dc < 0 inside object (M = 1), dc > 0 outside (M = 0)
dc = COMPUTESIGNEDDISTANCEMAP(M)

/I Stage 1: Outlier truncation via percentile clipping
¢1 = PERCENTILE(dc, 1)

G99 = PERCENTILE(dc, 99)

dcP = CLAMP(de, q1, qog)

// Stage 2: Robust normalization to [—1,1]
dmin = min(dcP)
dmax = max(dcliP)

CiC —9. dCClip - dmin 1

dmax - dmin

/I Pixel-wise boundary loss
L =pcO®dc

// Final loss averaged over all pixels
£RBL = MEAN(,C)

return Lrpy,

where distances are negative inside the object and positive
outside, as illustrated in Fig. 1.

This operation is performed independently for each pixel,
followed by averaging the results across all pixels:

Ly, = MEAN (pc ® dc) (D

where ©® denotes element-wise multiplication. The gradient
of this loss with respect to the network parameters is entirely
determined by dc. For regularly shaped objects, dc varies
smoothly in space, resulting in stable training dynamics. In
contrast, when segmenting irregular pathological structures
such as tumors or inflammatory regions, dc may exhibit
pronounced spatial fluctuations. These fluctuations can induce
excessively large gradient magnitudes and, in extreme cases,
lead to gradient explosion, thereby causing slow convergence
or training instability.

A straightforward mitigation strategy is to apply global
range normalization to dc, defined as:

- de

de 2

dcmax - dcmin
which scales the distance map into a symmetrical [—1,1]
interval. While this approach can stabilize training to some
extent, it suffers from a critical limitation when applied to ir-
regular targets. Specifically, due to complex lesion boundaries,
the signed distance map typically exhibits a highly skewed
distribution, where most pixels concentrate near zero, and
only a small number of outliers lie at the extremes. Under
such conditions, the global extrema, namely max(dc) and

min(dc), are dominated by these outliers. As a consequence,
distance values corresponding to pixels in the vicinity of
object boundaries, where supervision is most informative,
are squeezed into a narrow region around the center of the
normalized range, resulting in diminished gradient contrast
during optimization.

To tackle this issue, we propose a two-stage robust nor-
malization strategy. In practice, signed distance maps usually
contain extreme values far from object boundaries, which
can dominate the loss magnitude and reduce the influence
of informative boundary regions. From an optimization per-
spective, pixels near boundaries contribute most to shape
refinement, while distant pixels tend to introduce large yet
uninformative gradients. Therefore, our normalization strategy
truncates extreme distances and redistributes values adjacent
to the boundary over a standardized interval. This suppresses
outliers, mitigates gradient noise, and thus supports stable
optimization and enhanced boundary discrimination.

Stage 1: Outlier Truncation. We apply percentile-based
clipping to the original distance map dc: values below the
Ist percentile (gq;) and above the 99th percentile (gg9) are
truncated to ¢; and qg9, respectively, yielding the clipped
distance map dcP. This truncation removes only extreme
outliers while largely preserving the relative structure of signed
distance maps, thereby reducing the influence of anomalous
values on subsequent normalization. An overly aggressive
truncation may remove a substantial portion of informative dis-
tance values and distort boundary-related geometry, whereas
insufficient truncation may fail to adequately suppress extreme
outliers and thus provide limited improvement in optimiza-
tion stability. Therefore, RBL adopts this balanced truncation
strategy to simultaneously improve optimization stability and
preserve boundary-sensitive distance information.

Stage 2: Robust Normalization over the Clipped Range.
We perform normalization only within the effective range of
the clipped map and linearly map it to the standard interval
[—1,1], thereby maintaining semantic consistency with the
original Boundary Loss. Specifically, let dp;, = min(dc'P)
and d.x = max(dcP). The normalized distance map is
defined as:

li
2 dc™'P — dmin

dec=2 —1 3
¢ _dmin ( )

dmax
Compared to the global range normalization (dc) mentioned
above, this approach avoids the dominance of extreme outliers
on the scaling factor. Consequently, boundary pixels that were
previously compressed near zero are now more uniformly dis-
tributed across the full [—1, 1] interval. As a result, boundary-
related distance values are expanded to approximately twice
their original span under global range normalization, which
magnifies gradient signals and enables the model to better
capture complex boundary geometries. Finally, we plug the
refined distance map dc into the Boundary Loss formulation,
yielding our proposed loss function:

Lrpr, = MEAN (pc ® cic) 4)
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Step 1:
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Fig. 2: RBL normalization process.

The normalization process of Robust Boundary Loss’s dis-
tance map dc is illustrated in Fig. 2 and the workflow is
summarized in Algorithm 1.

This design preserves the semantic meaning of the signed
distance map while improving both gradient stability and
discriminative power through robust normalization, making
it particularly suitable for segmenting complex and irregular
pathological structures.

IV. EXPERIMENTS
A. Experimental Environment

All experiments were performed on a Linux based worksta-
tion running Ubuntu 20.04.3. The implementation was carried
out using Python 3.10.15 and PyTorch 2.0.1 as the deep learn-
ing framework. Training and inference were accelerated by an
NVIDIA GeForce RTX 3090, supported by CUDA 11.8. To
ensure reproducibility, all models were trained and evaluated
under identical hardware and software configurations.

B. Datasets

We conducted extensive experiments on four publicly avail-
able medical image segmentation datasets, covering diverse
imaging modalities (ultrasound, endoscopy, dermoscopy) and
anatomical regions (breast, thyroid, colon, skin). All datasets
provide pixel level binary masks for lesion segmentation.
For fair and consistent evaluation across models, we apply a
unified random split of 90% for training and 10% for testing
on each dataset, without overlap between splits.

1) BUSI [22]: The breast ultrasound image dataset origi-
nally contains three classes: benign, malignant, and nor-
mal. Following common practice in tumor segmentation,
we exclude the “normal” cases and retain only 583
images (benign + malignant) with corresponding binary
masks.

2) TN3K [23]: A large scale thyroid nodule ultrasound
dataset comprising 2,879 images, each annotated with
a binary segmentation mask. We use the full set as
provided.

3) CVC-ClinicDB [24]: A colonoscopy dataset containing
550 high resolution frames of colorectal polyps, each
paired with an expert delineated binary ground truth
mask.

4) ISIC 2017 [25]: A dermoscopic skin lesion dataset con-
sisting of 2,750 images from the training and validation
partitions of the ISIC 2017 challenge, all labeled with
binary masks for lesion regions.

For each dataset, preprocessing (e.g., intensity normaliza-
tion, resampling) is performed according to the default pipeline
recommended by the respective model framework, ensuring
compatibility while preserving the integrity of the original data
distribution.

C. Experimental Setup

To comprehensively evaluate the effectiveness of the pro-
posed RBL, we conduct systematic experiments across four
widely adopted medical image segmentation models: nnU-
Net [5], U-Mamba [6], SwinUNet [8], and TransUNet [7].
Each model is independently trained and evaluated on all four
datasets: BUSI, TN3K, CVC-ClinicDB, and ISIC 2017.

For U-Mamba, we adopt the “bot” variant (which integrates
Mamba blocks only in the bottleneck layer) rather than the
more computationally intensive “enc” variant (Mamba blocks
in every encoder/decoder stage). Since the loss function op-
erates at the output level and does not interact with internal
architecture design, both variants would exhibit identical sen-
sitivity to the loss formulation. Thus, using the bot version
provides a faithful yet efficient evaluation of our loss functions.

For every combination of model and dataset, we compare
the following five loss configurations:

1) Baseline: The default loss function used in the original

paper or official implementation of the model.

2) Baseline + HD Loss: The baseline augmented with the

Hausdorff Distance (HD) loss.
3) Baseline + Dual HD Loss: The baseline combined with
a symmetric dual formulation of the HD Loss.

4) Baseline + Boundary Loss: The baseline enhanced with

the classical boundary-aware loss.

5) Baseline + RBL (Ours): The baseline integrated with

our proposed RBL.

All experiments are conducted using the default hyperpa-
rameters and preprocessing pipelines of each model, with
only the loss function component modified to ensure a fair
comparison. To mitigate the impact of randomness, each
experiment is repeated twice under the same data split, and
the average performance is reported.

D. Training Hyperparameters

All models are trained for 400 epochs using the Stochastic
Gradient Descent (SGD) optimizer with momentum 0.99, con-
sistent with the default configuration in each model’s official
implementation. The initial learning rate is set to 0.01 and
decayed according to a polynomial schedule:

¢ 0.9
Ir; = 0.01 x (1 - 400> (5)
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TABLE I: Performance comparison of different models and loss functions on multiple datasets. Metrics include DSC (%)T,
HD95 (mm)/, and ASD (mm)/. Higher DSC and lower HD95/ASD are better. Best value per model per dataset is bolded.
The “-” indicates that the results are not available because the corresponding experiment failed to converge during training.

Model Loss TN3K BUSI CVC-ClinicDB ISIC 2017
DSC1 HD95] ASD] DSCt HD95| ASD] DSCtT HD95] ASD] DSC{ HD95| ASD]
Baseline 8586 56.89 1542 88.65 3097 10.65 81.65 39.08 10.27 83.26 52149 178.34
+ HD Loss 46.40 164.58 82.46 48.03 124.86 50.81 3791 69.32 2559 8895 34931 113.59
nnUNet + DHD Loss 46.22 16235 77.69 52.02 11031 46.01 26.74 68.17 27.15 - - -
+ Boundary Loss 77.96 63.85 21.28 64.25 76.80 27.85 71.20 47.03 13.01 53.73 1700.90 566.78
+ RBL (ours) 86.11 46.49 13.64 88.74 2899 10.04 8140 38.80 10.33 83.10 520.87 176.48
Baseline (bot) 86.50 42.89 1227 88.18 29.70 10.52 80.99 4036 931 8340 49731 166.42
+ HD Loss 30.72 197.65 116.89 - - - 29.85 68.88 34.30 - - -
U-Mamba + DHD Loss - - - 7.60 201.70 116.76 37.82 70.60 30.73 - - -
+ Boundary Loss 78.42 55.14 19.35 7598 54.14 1721 69.20 52.17 1431 7843 1086.92 359.77
+ RBL (ours) 86.84 4130 12.18 88.49 29.14 9.65 81.25 40.03 10.14 83.92 493.05 168.61
Baseline 84.11 47.69 13.06 8735 3321 1132 75.18 73.09 19.84 90.29 317.17 89.11
+ HD Loss 84.32 4378 12.32 88.70 32.10 10.78 77.79 7333 1943 90.72 29097 84.49
TransUNet + DHD Loss 8390 46.40 1342 87.79 3143 10.56 82.09 6033 12.52 90.50 295.83 93.90
+ Boundary Loss 71.46 70.86 26.53 8277 4340 1430 71.87 6339 13.04 7859 643.88 206.31
+ RBL (ours) 84.66 43.33 12.32 88.81 3130 1142 82.44 59.57 13.40 9030 294.16 83.77
Baseline 80.15 46.64 1397 85.04 39.56 1297 69.38 5224 13.72 87.50 457.17 133.86
+ HD Loss 80.59 50.11 1633 84.64 41.14 13.53 56.51 7897 24.69 89.64 348.36 110.53
SwinUNet + DHD Loss 80.90 50.13 1524 8396 3946 1395 72.86 51.58 12.87 89.92 338.36 107.53
+ Boundary Loss 72.59 59.17 19.67 69.20 80.99 28.63 59.88 61.99 2448 - - -
+ RBL (ours) 80.96 45.84 13.74 84.87 38.16 12.75 65.61 5070 13.39 89.00 337.22 103.24

where ¢ denotes the current epoch.

The batch sizes are automatically determined by the nnU-
Net framework based on image resolution and GPU memory,
and then uniformly applied to all models to eliminate variance
induced by batch size. Specifically, we used batch sizes of 10
(BUSD), 29 (TN3K), 25 (CVC-ClinicDB), and 4 (ISIC 2017).

For non-baseline configurations, the total loss is formulated
as a dynamically weighted combination of the model’s de-
fault loss Ly (i.e., the baseline loss used in its original
implementation) and a boundary-aware term Lyoundary, Which
corresponds to one of the following: HD Loss, Dual HD Loss,
Boundary Loss, or the proposed RBL:

(6)

where «; € [0,1] is an epoch-dependent coefficient that
increases linearly with the training epoch t.

Liotal = (1 - Olt) - Lpase + ot - Eboundary

ar =ag+t-Aa, ag=0.01

)

The increment Aa = 0.001225 is selected such that
oy ~ 0.5 at epoch 400, ensuring that the boundary-aware
term gradually becomes influential only after the model has
reached a reasonably mature segmentation state. Specifically,
during the early training stage, the optimization is dominated
by the baseline loss, which facilitates smooth convergence and
reliable learning of global shape and region-level structures. As
training progresses and the predicted segmentation becomes
more coherent, the contribution of the boundary-aware term
is progressively increased, enabling finer boundary refinement
without compromising optimization reliability. For the Base-

TABLE II: Training time per epoch (in seconds) on the CVC-
ClinicDB dataset under different loss configurations.

Model Baseline + HDLoss + DHDLoss + BoundaryLoss + RBL (ours)
nnUNet 224 36.5 89.6 27.9 27.1
U-Mamba  53.2 73.8 191.5 106 106
TransUNet  6.96 7.77 15.33 7.87 7.83
SwinUNet  0.96 9.10 16.70 2.80 2.70

line configuration, the total loss degenerates t0 Lio1 = Lpases
and no boundary-related supervision is applied.

E. Evaluation Metrics

We employ three standard segmentation metrics for quan-
titative evaluation: Dice Similarity Coefficient (DSC), which
measures the overlap between prediction and ground truth;
95% Hausdorff Distance (HD95), which reflects the worst-case
boundary deviation; and Average Surface Distance (ASD),
which computes the mean distance between the predicted and
true boundaries.

Qualitative assessment is performed through visual compar-
ison of predicted masks against ground truth annotations.

V. RESULTS AND ANALYSIS

We conduct a comprehensive evaluation of the proposed
method across four representative segmentation architectures:
nnU-Net, U-Mamba, TransUNet, and SwinUNet. Our ex-
periments cover four diverse medical imaging tasks: TN3K
for thyroid ultrasound, BUSI for breast ultrasound, CVC-
ClinicDB for colonoscopy polyps, and ISIC 2017 for dermo-
scopic skin lesions. Following the experimental setup, RBL is
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Ground Truth Baseline

nnUNet

TransUNet U-Mamba

SwinUNet

+Hdloss

+Dhdloss +Boundaryloss +RBL (ours)

Fig. 3: Qualitative results of four models under five loss functions on the CVC-ClinicDB dataset. Red areas indicate the

discrepancies between the ground truth and predictions.

TABLE III: Ablation study on different normalization strategies across multiple medical segmentation datasets. The metrics
include DSC (%), HD95 (mm), and ASD (mm). Higher DSC and lower HD95/ASD are better. Each row corresponds to a
model variant with one normalization method enabled (v") and others disabled (x). Best value per model per dataset is bolded.

The “-” indicates that the results are not avaliable because corresponding experiment failed to converge during training.
Model Normalization Strategy TN3K BUSI CVC-ClinicDB ISIC 2017
No Norm Global Range RBL DSC1 HD95 | ASD | DSC1 HD95| ASD | DSC+ HD95| ASD | DSC1 HD95| ASD |

v X x 7796 63.85 2128 6425 7680 27.85 71.20 47.03 13.01 53.73 1700.90 566.78

nnUNet X v x 8598 4833 14.58 88.46 31.29 10.66 81.00 40.84 10.33 81.42 536.11 197.09
X X v 86.11 46.49 13.64 88.74 2899 10.04 81.40 38.80 10.13 82.10 520.87 176.48
v X x 7842 55.14 1935 7598 54.14 17.21 69.20 52.17 1431 78.43 1086.92 359.77

U-Mamba (bot) X v x 86.60 43.52 1233 8833 30.69 10.25 81.17 40.56 9.06 83.84 495.27 170.61
X X v 86.84 4130 12.18 88.49 29.14 9.65 81.25 40.03 10.14 83.92 493.05 168.61
v X x 7146 70.86 26.53 82.77 43.40 14.30 71.87 63.39 13.04 78.59 643.88 206.31

TransUNet X v x 8422 4346 1223 87.74 3877 11.67 78.68 62.65 1594 90.38 317.47 92.03
X X v 84.66 43.33 1232 88.81 31.30 11.42 8244 59.57 12.40 90.30 294.16 83.77
v X x 7259 59.17 19.67 69.20 80.99 28.63 59.88 6199 2448 - - -

SwinUNet X v X 7722 5546 17.23 83.07 4533 1527 59.16 59.81 17.48 88.12 390.69 128.72
X X v’ 7896 54.84 16.74 83.27 4496 14.75 65.61 58.70 16.39 89.00 340.22 118.24

evaluated against baseline training and three commonly used
boundary-aware loss functions, including the HD Loss, Dual
HD Loss, and the original Boundary Loss.

Results reported in Table I show that RBL yields superior
geometric accuracy, particularly regarding HD95 and ASD,
while preserving competitive DSC across all model-dataset
combinations. The most prominent improvements occur on
the two ultrasound-based datasets. In these scenarios, our
approach proves highly effective at handling low-contrast
boundaries and the speckle noise typical of such imaging.
These observations suggest that RBL may be particularly

beneficial for ultrasound segmentation, where precise delin-
eation is often challenged by imaging artifacts. By providing a
more balanced gradient signal near object boundaries through
a robust distance weighting mechanism, the algorithm helps
models produce anatomically plausible contours without ne-
cessitating architectural modifications.

On the CVC-ClinicDB dataset, clear gains in contour
smoothness and spatial alignment are also observed. However,
the magnitude of improvement is more modest compared to
ultrasound scans, likely due to the higher contrast and clearer
lesion boundaries inherent in endoscopic images. Similarly, on
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Fig. 4: Four training curves of nnU-Net, U-Mamba, TransUNet, and SwinUNet on CVC-ClinicDB dataset.

ISIC 2017, the Strategy enhances boundary fidelity despite the
complex morphology and scale variation of skin lesions, albeit
with relatively smaller incremental gains. Taken together, these
results indicate that RBL offers a promising alternative for
enhancing segmentation reliability in noisy or low-contrast
diagnostic imaging scenarios.

Qualitative visual comparisons in Fig. 3 further validate
the efficacy of our method. It is evident that RBL produces
significantly fewer red areas compared to other loss functions,
demonstrating its superior capability in refining boundary
details.

Beyond metric-based accuracy, RBL exhibits remarkable
training stability. In our experiments, we observe that train-
ing with HD Loss and Dual HD Loss occasionally fails to
converge (as indicated by the failed runs marked with “=” in
Table I). Conversely, RBL exhibits demonstrates stable con-
vergence behavior. The corresponding training curves on the
CVC-ClinicDB dataset are illustrated in Fig. 4, underscoring
its robustness as a reliable boundary-aware objective function.

As summarized in Table II, RBL introduces a manageable
computational overhead compared to the baseline. Although
its training time is slightly higher than the original Boundary
Loss, this marginal increase is well-justified by the Improved
precision it delivers. Notably, our RBL remains significantly
more efficient than HD Loss and Dual HD Loss, which
incur substantially higher costs regardless of the backbone.
This favorable balance of speed and precision makes RBL a
practical choice for real-world clinical applications.

In summary, the steady of RBL across diverse architectures
and modalities underscores its potential as a robust strategy for
medical image segmentation. By balancing high geometric ac-
curacy and stable convergence with manageable computational
overhead, it not only facilitates efficient model training but
also offers a promising approach for enhancing generalization
in varied clinical scenarios.

VI. ABLATION STUDY

To evaluate the individual contribution of the proposed
robust normalization strategy, we perform a comparative anal-
ysis across four diverse backbone architectures: nnU-Net,
U-Mamba (bot), TransUNet, and SwinUNet. Three distinct
configurations are examined: (1) No normalization, (2) Global
Range normalization, and (3) RBL normalization. Experiments
are implemented on the TN3K, BUSI, CVC-ClinicDB, and
ISIC 2017 datasets, following the quantitative evaluation pro-
tocol established in Section IV-E.

The comparative results, summarized in Table III, reveal
several key insights. First, the integration of RBL normal-
ization consistently enhances boundary-related metrics (HD95
and ASD) across all tested architectures and modalities.
Specifically, compared to the "No Norm” configuration, RBL
significantly mitigates the gradient instability often encoun-
tered with raw distance maps, leading to more precise edge
localization. Second, while the conventional global range
normalization provides a moderate performance gain over
the No Norm configuration by stabilizing the value range,
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it remains sensitive to the skewed distribution of distance
values. As a result, global range normalization typically
achieves suboptimal performance compared to RBL, as it
fails to effectively suppress extreme outliers that compress
the informative boundary gradients. These findings underscore
that the superior performance of our method stems not merely
from normalization itself, but from the robust, quantile-based
redistribution of distance information, which proves essential
for handling the irregular morphologies typical in medical
imaging.

VII. CONCLUSION

In this work, we proposed RBL, a simple yet effective
boundary-aware loss function that significantly improves ge-
ometric accuracy in medical image segmentation. By intro-
ducing a robust normalization strategy based on quantiles
for signed distance maps, RBL mitigates gradient instability
caused by distributions dominated by outliers. Such distribu-
tions are commonly observed in low-contrast or noisy clini-
cal images. Our method successfully preserves discriminative
boundary information during this process.Extensive experi-
ments across four datasets and multiple architectures show that
RBL consistently improves boundary accuracy. Specifically, it
reduces errors in HD95 and ASD while keeping the DSC at
a high level. This confirms that RBL refines edges without
losing overall segmentation quality. These results highlight the
robustness and generalizability of the proposed method.

However, in the current version, the scheduling mechanism
used to balance RBL with the base loss of the model still relies
on empirical tuning for its weight coefficients that change
over time. While our results confirm the effectiveness of
this specific configuration, the optimal strategy to combine
boundary-aware and region-based losses in a dynamic or
adaptive way remains an open question. Future work should
investigate principled approaches, such as weighting based
on uncertainty or task aware scheduling, to automatically
determine loss coefficients. Such methods could maximize
segmentation fidelity across a broad range of medical imag-
ing tasks and anatomical structures. Despite this limitation,
RBL offers a plug-and-play solution for enhancing boundary
precision in real-world clinical applications.
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