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Abstract: Thin crack segmentation in building facades is particularly challenging under limited data 

conditions due to the extremely narrow geometry and weak contrast of crack structures. Conventional 

overlap-based loss functions, such as Binary Cross-Entropy (BCE) and Dice loss, optimize pixel-wise 

agreement but do not explicitly account for spatial boundary relevance, often resulting in fragmented 

predictions and geometric misalignment. This study introduces a lightweight distance-aware weighting 

extension of Dice loss designed to improve boundary alignment without modifying the network archi-

tecture. The proposed approach integrates Euclidean distance information derived from ground-truth 

masks to assign higher importance to prediction errors near crack boundaries while reducing the influ-

ence of distant background regions. The method is evaluated on a real-world dataset of 108 facade 

images (87 training and 21 validation) using a standard U-Net architecture under identical training 

conditions. Experimental results demonstrate a consistent reduction in geometric boundary error. The 

95th percentile Hausdorff Distance (HD95) decreases from 230.08 px with BCE and 217.55 px with 

Dice loss to 148.28 px with the proposed distance-aware formulation, corresponding to reductions of 

approximately 81.8 px and 69.3 px, respectively. In addition, the proposed loss improves overlap-based 

metrics, achieving IoU@0.1 = 0.2844 and Dice = 0.4087 on the validation set. These results indicate 

that incorporating spatial distance information into the optimization objective improves geometric 

alignment and structural continuity of thin crack predictions. The findings suggest that integrating 

lightweight distance-aware weighting into conventional loss formulations can improve segmentation 

quality for thin structures in constrained-data scenarios while maintaining computational simplicity. 

Keywords: Boundary-aware loss; Crack detection; Distance-aware loss; Hausdorff distance; Infra-

structure inspection; Low-data learning; Thin structure segmentation; U-net segmentation. 

 

1. Introduction 

Thin crack segmentation in building facades is a challenging task in semantic image anal-
ysis, particularly when only a limited amount of labeled data is available. Thin cracks are nar-
row, elongated structures that often exhibit weak contrast against the surrounding surface. In 
many cases, they occupy only a very small fraction of the image area, which makes accurate 
localization difficult. As a result, even small prediction errors can break crack continuity or 
cause important segments to be missed. Segmenting thin cracks is therefore significantly more 
demanding than segmenting large and compact objects commonly addressed in conventional 
semantic segmentation tasks [1]–[3]. 

From an engineering perspective, accurate crack segmentation is important for structural 
inspection and maintenance planning. Crack patterns may reveal information about material 
degradation, stress concentration, and potential safety risks in civil infrastructure. Automated 
crack segmentation can therefore support faster and more objective inspection processes in 
routine maintenance and post-disaster assessments [4], [5]. Compared with simple image 
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classification or bounding-box detection, semantic segmentation provides pixel-level locali-
zation that enables detailed analysis of crack length, connectivity, and spatial distribution. For 
thin cracks, preserving geometric alignment and structural continuity is often more critical 
than maximizing pixel-wise overlap. 

Deep learning models, particularly encoder–decoder architectures such as U-Net, have 
become a standard approach for semantic segmentation tasks [6]. U-Net combines global 
contextual information from deeper layers with spatial details from shallower layers through 
skip connections, enabling the network to capture both semantic and fine-grained structural 
features [7]. Variants of U-Net and related convolutional neural network architectures have 
demonstrated strong performance in applications including medical imaging, road extraction, 
and crack detection [1], [8], [9]. Nevertheless, extremely thin structures remain difficult to 
segment accurately. Downsampling operations in deeper layers may blur fine details, while 
shallow layers can be sensitive to noise and complex surface textures. Consequently, thin 
cracks may appear fragmented or partially suppressed in predicted segmentation masks. 

In addition to architectural design, the choice of loss function plays a critical role in 
segmentation performance. Most segmentation networks are trained using overlap-based 
losses such as Binary Cross-Entropy (BCE) and Dice loss [10], [11]. BCE treats segmentation 
as a pixel-wise classification task and penalizes misclassified pixels independently, whereas 
Dice loss directly optimizes the overlap between predicted and ground-truth regions and par-
tially mitigates class imbalance. While these loss functions are effective for large and compact 
objects, they treat all pixel errors equally regardless of their spatial location [12]. 

For thin crack segmentation, this uniform treatment of pixel errors can be problematic. 
Small boundary shifts or slight misalignments may not significantly reduce Dice or Intersec-
tion over Union (IoU) scores, yet they can produce visible discontinuities in crack structures. 
Conversely, predictions that are geometrically close to the ground truth may still be penalized 
strongly even when the spatial deviation is small. As a result, optimizing purely overlap-based 
metrics does not necessarily guarantee good geometric alignment for thin structures. 

To address these limitations, several boundary-aware and distance-based loss formula-
tions have been proposed. Boundary loss functions explicitly penalize contour misalignment 
between predicted and ground-truth masks [13], while Hausdorff-based losses incorporate 
distance-based evaluation metrics into the optimization process to reduce extreme boundary 
deviations [14]. More generally, distance-transform-based approaches weight pixel errors ac-
cording to their spatial proximity to object boundaries, allowing models to focus more 
strongly on structurally relevant regions [15]. Although these approaches introduce geometric 
information into the optimization process and have demonstrated improved boundary accu-
racy in segmentation tasks, they often increase computational complexity and require careful 
tuning of multiple hyperparameters. In limited-data scenarios, complex loss formulations may 
also lead to unstable training behavior. 

The challenges become more pronounced when only a small dataset is available. Pixel-
level annotation of cracks is time-consuming and requires careful manual labeling. Cracks 
may also fade into textured or painted backgrounds, making annotation uncertain in some 
regions. In practical inspection scenarios, datasets are typically small and domain-specific. 
Under such conditions, increasing network depth or introducing complex regularization strat-
egies may lead to overfitting rather than improved generalization [16], [17]. These constraints 
motivate the exploration of lightweight strategies that enhance spatial sensitivity within exist-
ing architectures without substantially increasing model complexity. 

From a geometric perspective, thin crack segmentation differs from traditional object 
segmentation tasks. The goal is not to recover a large connected region but to accurately trace 
narrow crack trajectories across the facade surface. Maintaining continuity along these trajec-
tories is essential for structural interpretation. Distance-based evaluation metrics such as the 
95th percentile Hausdorff Distance (HD95) provide a more informative measure of boundary 
deviation than overlap-based metrics [18]. HD95 emphasizes extreme geometric differences 
between predicted and ground-truth boundaries while reducing sensitivity to outliers. In crack 
analysis, this metric captures spatial errors that may be meaningful in practice even when IoU 
or Dice scores remain relatively stable. 

These observations raise an important question: can simple spatial weighting improve 
geometric alignment without introducing a complex loss formulation? Instead of designing 
highly sophisticated boundary-aware objectives, it may be sufficient to incorporate minimal 
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distance-based information into an existing loss function. Such an approach would preserve 
computational simplicity while reducing the risk of unstable optimization in small datasets. 

In this work, we propose a lightweight distance-aware extension of Dice loss designed 
specifically for thin crack segmentation under limited-data conditions. The proposed method 
incorporates a Euclidean distance transform derived from the ground-truth mask to weight 
pixel-wise errors according to their spatial proximity to crack boundaries. Pixels located near 
crack structures receive higher weights during loss computation, whereas distant background 
pixels contribute less. This weighting mechanism increases the influence of geometrically crit-
ical regions during training while preserving the simplicity of the underlying loss formulation. 

A key design principle of this study is controlled experimentation. To isolate the effect 
of the loss function, we employ a standard U-Net architecture without architectural modifi-
cation. The network structure, optimizer, preprocessing pipeline, and training protocol re-
main identical across all experiments. This controlled setup ensures that observed perfor-
mance differences arise solely from the choice of loss function rather than from architectural 
changes. The proposed method is evaluated on a real-world dataset consisting of 108 facade 
images containing predominantly thin hairline cracks and several moderately thicker cracks. 
All images are manually annotated at the pixel level. The dataset is divided into 87 training 
images and 21 validation images, reflecting a constrained-data scenario typical of practical 
inspection environments. Performance is evaluated using both overlap-based metrics, includ-
ing IoU, and distance-based metrics, specifically the HD95. 

Experimental results demonstrate that distance-aware weighting consistently reduces ex-
treme boundary deviations compared with BCE and standard Dice loss. Although improve-
ments in overlap-based metrics are modest, the reduction in HD95 indicates improved geo-
metric alignment and better preservation of crack continuity. The contributions of this study 
are threefold. 
• First, we introduce a lightweight distance-aware extension of dice loss tailored to thin 

crack segmentation under limited-data conditions. 
• Second, we conduct a controlled experimental analysis that isolates the impact of the 

loss formulation while maintaining a fixed network architecture. 
• Third, we provide quantitative and qualitative evidence demonstrating improved geo-

metric alignment of thin crack predictions, as measured by the HD95 metric. 
Together, these contributions highlight the importance of aligning the training objective 

with the geometric characteristics of thin structures, particularly in data-constrained structural 
inspection applications. 

2. Related Work 

2.1. Thin Structure Segmentation 

Segmenting thin structures such as cracks, blood vessels, and road networks has long 
been recognized as a challenging problem in computer vision due to their narrow width, elon-
gated geometry, and sensitivity to noise and low contrast [3], [6]. Unlike compact objects, thin 
structures occupy only a small fraction of the image area and are often visually similar to 
background textures. As a result, they are particularly vulnerable to fragmentation and false 
negatives during segmentation. Even minor prediction errors may disrupt structural continu-
ity, producing broken or incomplete representations that are unsuitable for practical applica-
tions. 

Traditional segmentation models often struggle to preserve the continuity of thin struc-
tures, resulting in fragmented predictions or missing segments, particularly in complex and 
textured backgrounds [1]. These difficulties are further exacerbated by variations in illumina-
tion, surface material, and viewpoint, which commonly occur in real-world imaging scenarios 
such as facade inspection. Consequently, segmentation quality for thin structures cannot al-
ways be reliably assessed using region-based overlap alone, since disconnected predictions 
may still achieve moderate overlap scores. 

Encoder–decoder architectures, most notably U-Net, have become a standard choice 
for thin structure segmentation tasks due to their ability to retain spatial detail through skip 
connections [19]. By combining low-level spatial features with high-level semantic infor-
mation, U-Net mitigates the loss of fine-grained details caused by repeated downsampling. 
U-Net and its variants have been successfully applied to crack detection [4], [5], vessel 
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segmentation [20], and road extraction [8], demonstrating their versatility across domains 
where thin structures are prominent. 

Despite these advances, the performance of such models remains strongly dependent 
on the availability of large and well-annotated datasets [16]. Thin structure segmentation typ-
ically requires pixel-level annotations, which are expensive and time-consuming to produce. 
Consequently, many real-world applications rely on relatively small datasets that exhibit con-
siderable variability and annotation noise. Under such conditions, even well-established ar-
chitectures may struggle to generalize effectively, producing incomplete or noisy segmenta-
tion outputs. 

Low-data scenarios are particularly common in practical structural inspection and post-
disaster assessment settings. In such environments, segmentation models often exhibit limited 
generalization capability, leading to fragmented or inconsistent predictions [17]. This limita-
tion highlights the need for strategies that improve learning efficiency and robustness without 
increasing model complexity. Rather than relying solely on architectural modifications, alter-
native approaches that directly address the characteristics of thin structures during optimiza-
tion may provide a more practical solution. 

2.2. Loss Functions for Semantic Segmentation 

Loss functions play a dDice scores while still producing geometrically inaccurate or frag-
mented predictions [21]. This discrepancy highlights a fundamental limitation of overlap-
based optimization when applied to thin structure segmentation. 

Several studies have therefore emphasized that overlap-based metrics and losses are in-
sufficient for capturing geometric fidelity in thin and elongated objects [18]. Instead, segmen-
tation quality should be assessed not only by pixel-wise agreement but also by how closely 
the predicted structure aligns geometrically with the ground truth. This observation motivates 
the development of loss functions that incorporate spatial and geometric information directly 
into the optimization process. 

2.3. Distance-Based and Boundary-Aware Approaches 

To overcome the limitations of traditional loss functions, recent research has introduced 
boundary-aware, shape-aware, and distance-based loss formulations. Boundary loss functions 
explicitly penalize misalignment between predicted and ground-truth boundaries, improving 
contour accuracy and sensitivity to object outlines [13]. Shape-aware losses incorporate global 
geometric constraints to preserve object morphology and prevent unrealistic predictions [22]. 

Distance transform–based approaches leverage spatial distance maps derived from 
ground-truth masks to weight pixel-wise errors according to their proximity to object bound-
aries [14], [15]. In these methods, errors near the target structure contribute more strongly to 
the loss, while distant background pixels are down-weighted. Such formulations have demon-
strated improved boundary precision in medical imaging and remote sensing applications [23], 
where accurate delineation of anatomical or geographic structures is essential. 

Despite their promise, many distance-based approaches have been evaluated primarily 
on datasets with abundant training data or on objects with relatively thick structures [24]. 
Their effectiveness for extremely thin structures under limited-data conditions remains insuf-
ficiently explored. In such regimes, distance weighting may interact differently with optimiza-
tion dynamics, and its potential benefits are not yet fully understood. 

Several recent studies have emphasized the importance of preserving structural continu-
ity and topology when segmenting thin and elongated objects, particularly in scenarios where 
pixel-wise accuracy alone fails to reflect practical segmentation quality [25], [26]. These works 
highlight that segmentation outputs must maintain connectivity and shape consistency in or-
der to remain useful in downstream analysis and decision-making tasks. In addition, compre-
hensive reviews of segmentation loss functions indicate that geometry-aware, boundary-
aware, and distance-based optimization strategies consistently outperform traditional overlap-
based formulations when applied to highly imbalanced or structurally complex targets [27]–
[29]. These findings reinforce the notion that loss function design plays a critical role in de-
termining segmentation quality, especially for challenging object classes. 

Related work in remote sensing has also demonstrated that segmentation of linear and 
elongated structures, such as roads, benefits from architectures and optimization strategies 
that explicitly account for object geometry rather than relying solely on region overlap [30]. 
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These insights are directly applicable to crack segmentation, where the target structures ex-
hibit similar geometric properties. To address data scarcity, transfer learning and training with 
sparse annotations have been widely adopted, enabling robust performance even when only 
limited labeled samples are available [19], [31], [32]. Such strategies improve feature reuse and 
convergence but do not fundamentally address the mismatch between overlap-based objec-
tives and geometric accuracy. Finally, advances in network design, including residual learning, 
have contributed to more stable optimization and improved convergence in deep segmenta-
tion models, indirectly supporting more reliable learning of fine-grained structures [32]. How-
ever, architectural improvements alone cannot fully compensate for loss functions that are 
misaligned with task-specific geometric requirements. 

A summary of representative approaches for thin structure segmentation is presented in 
Table 1, highlighting their optimization strategies, limitations, and relation to the proposed 
method. In this work, we build upon these ideas by proposing a simple and computationally 
efficient distance-aware loss function explicitly designed for thin structure segmentation in 
low-data scenarios. Unlike prior approaches, the proposed method focuses on improving 
structural continuity and reducing extreme boundary deviations, as quantified by distance-
based evaluation metrics such as the HD95. By isolating the effect of the loss function in a 
controlled experimental setting, this study aims to clarify the role of distance-aware optimiza-
tion in achieving geometrically meaningful segmentation of thin structures under limited-data 
conditions. 

Table 1. Representative approaches for thin structure segmentation. 

Category 
Representative 

Works 
Main Idea Limitations 

Relation to This 
Work 

Thin structure 
segmentation 

[1], [3], [6] 

Early CNN-based 
methods for crack 

and thin object seg-
mentation 

Fragmented predic-
tions and weak 

boundary preserva-
tion 

Motivates the need 
for geometry-aware 

optimization 

Encoder–     
decoder       

architectures  
(U-Net) 

[4], [5], [8], [19], 
[20] 

Preserve spatial de-
tail through skip 

connections 

Strong dependence 
on large annotated 

datasets 

We adopt U-Net but 
do not modify the ar-

chitecture 

Low-data seg-
mentation 

[16], [17] 

Data augmentation 
and transfer learning 
to mitigate data scar-

city 

Does not address 
geometric loss mis-

match 

Our method targets 
loss design rather than 

increasing data vol-
ume 

Overlap-based 
loss functions 
(BCE, Dice) 

[10], [11], [21], [33] 
Optimize pixel-wise 
accuracy and region 

overlap 

Ignore spatial and 
boundary relevance 

Baseline methods in 
our experiments 

Limitations of 
overlap-based 

metrics 
[18] 

IoU and Dice are in-
sufficient for thin 

structures 

Poor reflection of 
geometric errors 

Justifies the use of 
HD95 in evaluation 

Boundary-aware 
loss functions 

[13], [22] 
Explicit boundary 
penalization and 
shape constraints 

Additional complex-
ity and parameter 
tuning required 

Our loss formulation 
is simpler and compu-

tationally efficient 

Distance-based 
loss functions 

[14], [15] 
Use distance trans-

form to weight pixel 
errors 

Mostly tested on 
thick structures or 

large datasets 

We validate distance-
aware loss in an ex-

treme low-data regime 

Applications in 
medical imaging 
and remote sens-

ing 

[23], [24], [30] 
Geometry-aware op-
timization improves 
boundary precision 

Domain-specific as-
sumptions 

Confirms the general 
relevance of distance-

based losses 

Reviews and sur-
veys 

[27]–[29] 
Geometry-aware 

losses outperform 
overlap-based ones 

Limited focus on 
low-data thin struc-

tures 

Our work addresses 
this gap 

Transfer learning 
and sparse super-

vision 
[19], [23], [31] 

Improve conver-
gence with limited 

labeled data 

Loss functions re-
main overlap-driven 

Complementary but 
orthogonal to our ap-

proach 
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3. Proposed Distance-Aware Loss Function 

This section describes the proposed distance-aware loss formulation designed to im-
prove segmentation of thin structures such as cracks. The formulation aims to introduce spa-
tial sensitivity into the training objective while preserving the simplicity of conventional loss 
functions. The key idea is to assign higher importance to prediction errors occurring near thin 
structures and lower importance to distant background pixels. 

3.1. Problem Formulation 

Let 

𝑋 ∈ ℝ𝐻×𝑊 (1) 

denote an input image with spatial resolution 𝐻 × 𝑊, where 𝐻 and 𝑊 represent image 
height and width, respectively. 

Let 

𝑌 ∈ {0,1}𝐻×𝑊 (2) 

denote the corresponding ground-truth segmentation mask. In this mask, pixels labeled with 
value 1 represent foreground structures (e.g., cracks), while pixels labeled with 0 represent the 
background. 

Given a segmentation model 𝑓𝜃(∙) parameterized by 𝜃, the predicted probability map 
is defined as 

𝑃 = 𝑓𝜃
(𝑋),    𝑃 ∈ [0,1]𝐻×𝑊    (3) 

where each element 𝑝𝑖 represents the predicted probability that pixel 𝑖 belongs to the crack 
class. 

The goal of model training is to learn parameters 𝜃 such that the predicted segmenta-
tion map aligns with the ground truth not only at the pixel level but also in terms of geometric 
structure. For thin structures, this means preserving spatial continuity and minimizing bound-
ary deviations. 

3.2. Limitations of Standard Loss Functions 

Most segmentation models are trained using overlap-based loss functions such as BCE 
or Dice loss. These losses measure prediction accuracy by comparing predicted probabilities 
with ground-truth labels at each pixel location [10]. For example, the BCE loss is defined as 

𝐿𝐵𝐶𝐸 = −
1

𝑁
∑ [𝑦𝑖 log(𝑝𝑖) + (1 − 𝑦𝑖) log(1 − 𝑝𝑖)]𝑁

𝑖=1     (4) 

where 𝑁 denotes the total number of pixels, 𝑦𝑖 is the ground-truth label of pixel 𝑖, and 𝑝𝑖 
is the predicted probability. 

Although such formulations work well for large and compact objects, they treat all pixel 
errors equally regardless of spatial location. This assumption becomes problematic when seg-
menting thin structures. For instance, small boundary deviations may cause visible breaks in 
crack continuity even when the overall overlap score remains high. Therefore, optimizing 
standard overlap-based losses does not necessarily guarantee geometrically accurate predic-
tions for thin structures. 

3.3. Distance Transform of the Ground Truth 

To introduce spatial awareness into the training objective, we compute a distance trans-

form based on the ground-truth mask [15]. Let 𝐷(𝑖) denote the Euclidean distance from 

pixel 𝑖 to the nearest foreground pixel in the ground-truth mask. The distance transform is 
defined as 

𝐷(𝑖) =
min

𝑗 ∈ 𝑌𝑓𝑔
‖𝑖 − 𝑗‖ (5) 

where 𝑌𝑓𝑔  represents the set of foreground pixels (i.e., crack pixels) in the ground-truth 
mask. 



Journal of Future Artificial Intelligence and Technologies 2026 (June), vol. 3, no. 1, Krasniqi and Shehu. 25 
 

 

In this formulation, pixels belonging to crack structures have distance value 𝐷(𝑖) = 0. 
Background pixels have increasing distance values as their spatial distance from the crack 
increases. The resulting distance map encodes spatial information about the proximity of each 
pixel to the crack structure. An example of the distance transform derived from a crack mask 
is illustrated in Figure 1. The visualization shows how distance values gradually increase away 
from crack boundaries. 

3.4. Distance-Based Weighting Function 

Using the distance map 𝐷(𝑖), we define a spatial weighting function that determines 
how strongly each pixel contributes to the training loss [14], [15]. The weighting function is 
defined as 

𝑤(𝑖) = exp(−𝛼𝐷(𝑖)) (6) 

where 𝛼 > 0 is a scaling parameter that controls the rate of exponential decay. 
This formulation assigns higher weights to pixels located close to crack structures, lower weights 

to pixels located farther away in the background. As a result, prediction errors near crack boundaries 
contribute more strongly to the optimization objective. This encourages the model to focus on geo-
metrically critical regions where segmentation accuracy is most important. 

For clarity, Figure 1 illustrates the entire weighting mechanism, including the input image, the 
ground-truth mask, the computed distance map, and the resulting weight map. Pixels located near crack 
boundaries receive higher weights, while distant background pixels gradually receive smaller weights. 

3.5. Distance-Aware Loss Formulation 

Using the spatial weights defined above, the proposed distance-aware loss function is 
constructed by weighting a standard pixel-wise loss [12], [25]. The distance-aware loss is de-
fined as 

𝐿𝐷𝐴 =
1

𝑁
∑ 𝑤(𝑖) ∙ 𝐿𝑏𝑎𝑠𝑒(𝑦𝑖 , 𝑝𝑖)

𝑁

𝑖=1

 (7) 

where 𝑤(𝑖) is the spatial weight derived from the distance transform, 𝐿𝑏𝑎𝑠𝑒  represents a conven-

tional loss function such as BCE or Dice loss, 𝑁 denotes the total number of pixels. 

This formulation maintains the simplicity of traditional loss functions while introducing 
spatial sensitivity to thin structures. Instead of redesigning a completely new objective, the 
proposed method modifies the contribution of each pixel according to its geometric rele-
vance. 

3.6. Optimization Perspective 

During backpropagation, the gradient of the proposed loss with respect to the network 
parameters is scaled by the distance-based weights: 

𝜕𝐿𝐷𝐴

𝜕𝜃
= 𝑤(𝑖) ∙

𝜕𝐿𝑏𝑎𝑠𝑒

𝜕𝜃
 (8) 

This formulation indicates that gradients originating from pixels near crack structures 
are amplified, while gradients from distant background pixels are suppressed. Consequently, 
the model focuses more strongly on learning accurate representations of thin structures. From 
an optimization perspective, this mechanism acts as a form of spatially adaptive weighting 
that emphasizes geometrically important regions without altering the underlying network ar-
chitecture. 

3.7. Relation to Distance-Based Evaluation Metrics 

The proposed loss formulation is closely related to distance-based evaluation metrics 
commonly used to assess segmentation quality. One widely used metric is the HD95, which 
measures extreme boundary deviations between predicted and ground-truth masks. Unlike 
overlap-based metrics such as IoU or Dice score, HD95 explicitly quantifies geometric misa-
lignment between predicted and reference boundaries. 

By emphasizing prediction errors near structural boundaries during training, the pro-
posed loss encourages the model to reduce spatial deviations along thin structures. This 
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behavior aligns naturally with the objective measured by HD95 during evaluation. Conse-
quently, the proposed distance-aware formulation is expected to improve geometric align-
ment and structural continuity of thin crack predictions, particularly in scenarios where only 
limited training data are available. 

 

Figure 1. Visualization of the proposed distance-aware weighting mechanism. From left to right: 
input facade image, binary crack mask, boundary-aware normalized distance map, and the corre-

sponding exponential weight map. Pixels closer to crack boundaries receive higher weights during 
training. 

4. Experimental Setup 

4.1. Dataset and Low-Data Scenario 

The experimental evaluation was conducted on a privately collected dataset of real-world 
building facade images acquired in Ferizaj on January 12, 2026, using an Apple iPhone 17 Pro 
Max. Both the telephoto camera (100 mm) and the standard 24 mm camera were used de-
pending on the distance from the facade. The dataset consists of 108 images captured at 
resolutions of 12 MP and 24 MP. All photographs were taken on the same day under natural 
daylight conditions. Although illumination conditions were generally consistent, minor varia-
tions occurred due to localized shadowing effects on the facade surface. 

The facade material is largely consistent across the dataset, consisting primarily of 
painted exterior surfaces. The primary source of variability arises from crack morphology 
rather than surface material. The dataset contains predominantly thin hairline cracks, as well 
as several moderately thicker cracks. Crack structures vary in length, continuity, and local 
branching behavior. Due to the extremely small width of hairline cracks relative to the image 
resolution, crack pixels occupy only a minimal fraction of the total image area, resulting in 
severe class imbalance. This characteristic significantly increases the difficulty of segmenta-
tion, particularly for overlap-based optimization objectives. 
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All images were manually annotated at the pixel level to produce binary segmentation 
masks. The dataset was divided into 87 training images and 21 validation images, reflecting a 
constrained-data scenario typical of practical inspection settings. For computational con-
sistency and fair comparison across loss functions, all images were resized to 512 × 512 pixels 
prior to training. The same preprocessing pipeline was applied to all experimental configura-
tions. Although resizing changes the absolute pixel representation of crack thickness, it does 
not introduce relative bias between methods because preprocessing was strictly identical for 
all models. During training, standard data augmentation was applied, resulting in 260 training 
samples, while the number of unique real-world images remained 108. Representative exam-
ples from the dataset are shown in Figure 2, illustrating variations in crack thickness and the 
influence of local shadowing effects on the facade surface. 

    

Figure 2. Representative facade images illustrating variations in crack thickness and local shadowing effects within the dataset. 

4.2. Network Architecture 

All experiments employ the standard U-Net architecture to ensure a fair and reproduci-
ble comparison between loss functions. The network follows the classical encoder–decoder 
design consisting of four encoder levels and a symmetric decoder with skip connections that 
preserve spatial information during upsampling. The encoder progressively increases the 
number of feature channels (64, 128, 256, and 512) while reducing spatial resolution through 
max-pooling operations. Each encoder level contains two 3×3 convolutional layers followed 
by ReLU activation functions, allowing the network to capture increasingly complex feature 
representations at deeper levels. 

The decoder mirrors the encoder structure by progressively restoring spatial resolution 
through upsampling layers. At each decoding stage, feature maps from the corresponding 
encoder level are concatenated via skip connections. These skip connections help preserve 
fine structural information that might otherwise be lost during repeated downsampling oper-
ations. The final layer applies a 1×1 convolution followed by a sigmoid activation function to 
produce a pixel-wise probability map representing the predicted crack segmentation. No ar-
chitectural modifications were introduced between experiments. Consequently, all observed 
performance differences arise solely from the choice of loss function rather than from 
changes in network design. 

4.3. Training Configuration 

All images were resized to a fixed spatial resolution before training. Models were trained 
using the Adam optimizer with a constant learning rate and a batch size adapted to the dataset 
size. Three loss functions were evaluated under identical training conditions, i.e., BCE, Dice 
loss, and proposed distance-aware loss. This experimental setup ensures that any observed 
performance differences can be attributed directly to the loss formulation rather than changes 
in architecture or training configuration. All experiments were implemented in PyTorch and 
executed on an NVIDIA T4 GPU to maintain consistent training conditions across all eval-
uated loss functions. 
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4.4. Evaluation Metrics 

Model performance was evaluated using a combination of overlap-based and distance-
based metrics dice coefficient, IoU, and HD95. Using multiple evaluation metrics allows the 
analysis of both pixel-level agreement and geometric boundary accuracy. 

The Dice coefficient measures the degree of overlap between the predicted segmentation 
mask and the ground-truth mask. It is defined as the harmonic mean of precision and recall 
for the foreground class. Dice is particularly useful in segmentation tasks with class imbalance 
because it directly measures how well the predicted region overlaps with the true structure. 

The IoU metric, also known as the Jaccard index, measures the ratio between the inter-
section and the union of the predicted and ground-truth regions. IoU provides a strict meas-
ure of region overlap and is commonly used as a standard evaluation metric in semantic seg-
mentation benchmarks. 

Although Dice and IoU capture overall region agreement, they are not always sufficient 
for evaluating thin structures. Small spatial shifts along crack boundaries may have only a 
minor impact on overlap scores while still producing visually significant geometric errors. 

To address this limitation, the HD95 is used as a distance-based metric. HD95 measures 
the spatial deviation between predicted and ground-truth boundaries by computing the 95th 
percentile of pairwise boundary distances. Compared with the standard Hausdorff distance, 
HD95 reduces sensitivity to extreme outliers while still capturing significant boundary misa-
lignments. In the context of thin crack segmentation, HD95 provides a more informative 
measure of geometric accuracy than overlap-based metrics alone. By combining Dice, IoU, 
and HD95, the evaluation captures both region-level agreement and boundary-level precision. 

4.5. Hyperparameter Configuration (β and σ) 

The proposed distance-aware loss introduces two hyperparameters: β, which controls 
the relative contribution of the distance-weighted term, and σ, which determines the spatial 
decay rate of the distance transform weighting. Parameter β regulates how strongly pixels near 
crack structures influence the loss computation. Larger values increase the contribution of 
boundary-adjacent pixels during optimization, whereas smaller values reduce the effect of 
distance-based weighting. 

Parameter σ controls the spatial decay of the distance transform weighting function. 
Smaller values restrict the influence of the weighting to a narrow region surrounding crack 
boundaries, while larger values extend the influence over a broader spatial area. In the exper-
iments, β was set to 2.0 and σ was set to 0.25. These values were selected empirically based 
on preliminary experiments to ensure stable optimization while preserving sufficient empha-
sis on boundary-adjacent pixels. To illustrate the parameter space explored during preliminary 
experiments, Figure 3 presents a visualization of the mean HD95 values obtained for different 
combinations of β and σ on the validation set after three training epochs. A detailed analysis 
of the influence of these parameters on segmentation performance is provided in Section 5.2. 

 

Figure 3. Mean HD95 on the validation set as a function of the distance-aware loss parameters β 
and σ. Lower values indicate improved boundary alignment. 
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5. Results and Discussion  

5.1. Quantitative Results 

Table 2 presents a quantitative comparison of the evaluated loss functions on the vali-
dation set. 

Table 2. Performance comparison of loss functions 

Loss function IoU@0.1 Dice@0.1 HD95 (px) 

BCE ~0.057 ~0.105 230.08 

Dice (lr = 1e-4 + clip) ~0.056 ~0.103 217.55 

Distance-Aware (β = 2.0, σ = 0.25 + Dice) 0.2844 0.4087 148.28 

 
The proposed distance-aware loss demonstrates a clear improvement in thin crack seg-

mentation compared with conventional loss formulations. Using BCE as a baseline result in 
an HD95 value of 230.08 pixels, indicating substantial boundary deviations between predicted 
and ground-truth crack structures. Replacing BCE with Dice loss slightly improves geometric 
alignment, reducing HD95 to 217.55 pixels. However, the proposed distance-aware formula-
tion achieves a substantially lower HD95 value of 148.28 pixels. This corresponds to a reduc-
tion of approximately 82 pixels compared with BCE and 69 pixels compared with the Dice-
based baseline. 

In addition to improving boundary accuracy, the proposed loss also increases overlap-
based metrics. The model achieves an IoU@0.1 of 0.2844 and a Dice coefficient of 0.4087 
on the validation set, which are substantially higher than those obtained using BCE or Dice 
loss alone. These results indicate that incorporating spatial distance information into the op-
timization objective enables the network to better capture thin crack structures and align pre-
dictions more closely with the ground-truth geometry. 

5.2. Discussion: Hyperparameter Sensitivity and Comparison to Boundary-Aware 
Losses 

To further analyze the behavior of the proposed distance-aware formulation, we exam-
ine the influence of its hyperparameters β and σ. These parameters control the strength and 
spatial range of the distance-based weighting mechanism introduced in Section 4.5. Figure 3 
illustrates the sensitivity of the proposed loss to different combinations of β and σ. The visu-
alization shows the mean HD95 measured on the validation set after three training epochs. 
Lower values indicate improved boundary alignment. The results reveal a clear local minimum 
at β = 2.0 and σ = 0.2, which corresponds to the lowest observed HD95 value. This config-
uration places moderate emphasis on pixels located near crack boundaries while restricting 
the spatial influence of the distance weighting to a narrow region surrounding the crack struc-
ture. Such a balance appears to provide the most effective guidance for the segmentation 
model during early training. 

When σ becomes too small or too large, the influence of the distance weighting dimin-
ishes. Extremely small values concentrate the weighting too narrowly around crack pixels, 
while larger values spread the weighting across broader background regions. In both cases, 
the resulting HD95 values approach those obtained by baseline loss formulations, indicating 
that excessive or insufficient spatial emphasis reduces the effectiveness of the distance-aware 
mechanism. It should be noted that the sensitivity analysis is performed after only three train-
ing epochs. The purpose of this analysis is to observe early optimization behavior rather than 
final convergence. Consequently, many parameter combinations produce similar HD95 val-
ues. Nevertheless, the presence of a consistent local minimum suggests that moderate bound-
ary emphasis combined with a narrow spatial influence improves geometric alignment during 
early training. 

Beyond the hyperparameter analysis, it is also useful to compare the proposed approach 
with specialized boundary-aware losses. Methods such as Boundary Loss and Hausdorff-
based losses explicitly incorporate geometric constraints during training and can potentially 
improve boundary accuracy. However, these approaches often introduce additional compu-
tational overhead, such as repeated distance transform computations, and require careful bal-
ancing between multiple loss components to avoid unstable training. In contrast, the 
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proposed distance-aware formulation introduces spatial awareness through a simple 
weighting mechanism applied to an existing loss function. This design maintains computa-
tional simplicity while still encouraging the model to prioritize pixels located near crack 
boundaries. As a result, the proposed approach provides a lightweight alternative for improv-
ing geometric segmentation behavior without modifying the network architecture. 

These observations are particularly relevant in constrained-data scenarios. Thin crack 
datasets typically contain only a limited number of annotated samples and exhibit strong class 
imbalance, where crack pixels occupy only a small portion of the image. By incorporating 
spatial distance information into the optimization process, the proposed loss encourages the 
model to focus on geometrically important regions even when training data are limited. These 
results suggest that improving the training objective can be an effective strategy for thin-
structure segmentation under limited-data conditions. Rather than increasing network depth 
or architectural complexity, modifying the loss formulation provides a lightweight way to im-
prove geometric alignment and structural continuity of segmentation outputs. However, fur-
ther experiments across multiple datasets would be required to fully validate this behavior. 

5.3. Boundary Accuracy and Error Reduction Analysis 

Overlap-based metrics such as Dice and IoU provide a general measure of segmentation 
quality, but they are often insufficient for thin and elongated structures. In such cases, even 
small spatial deviations can cause severe structural fragmentation while producing only minor 
changes in overlap scores. To better evaluate geometric accuracy, boundary precision is there-
fore analyzed using the HD95, which measures extreme deviations between predicted and 
ground-truth crack boundaries. 

Let 𝐻𝐷95𝐵𝐶𝐸 , 𝐻𝐷95𝐷𝑖𝑐𝑒 , 𝐻𝐷95𝐷𝐴  denote the HD95 values obtained using BCE, 
Dice loss, and the proposed distance-aware loss, respectively. Based on the validation results 
summarized in Table 2, the following values are obtained: 

𝐻𝐷95𝐵𝐶𝐸 = 230.08px, 𝐻𝐷95𝐷𝑖𝑐𝑒 = 217.55px, 𝐻𝐷95𝐷𝐴 = 148.28px 

These values exhibit a clear ordering: 𝐻𝐷95𝐷𝐴 < 𝐻𝐷95𝐷𝑖𝑐𝑒 < 𝐻𝐷95𝐵𝐶𝐸 indicating 
that increasing spatial awareness in the loss formulation leads to improved boundary align-
ment. 

5.3.1. Reduction Relative to Binary Cross-Entropy 

Compared with BCE, the proposed distance-aware loss reduces the mean HD95 by 

∆𝐵𝐶𝐸→𝐷𝐴= 230.08 − 148.28 = 81.80px . This corresponds to a relative reduction of 
81.80

230.08
× 100 = 35.55%.  

The magnitude of this reduction indicates a substantial decrease in extreme boundary 
errors. Considering the fixed image resolution of 512×512 pixels, such a reduction represents 
a meaningful improvement in geometric alignment for extremely thin structures such as fa-
cade cracks. 

5.3.2. Reduction Relative to Dice Loss 

When compared with Dice loss, the distance-aware formulation achieves an additional 

reduction of ∆𝐷𝑖𝑐𝑒→𝐷𝐴= 217.55 − 148.28 = 69.27px, which corresponds to a relative im-

provement of 
69.27

217.55
× 100 = 31.83%. Although smaller than the improvement observed 

relative to BCE, this result demonstrates that incorporating explicit distance information pro-
vides additional benefits beyond overlap-based optimization alone. 

5.3.3. Interpretation and Consistency with the Loss Formulation 

The observed reductions in HD95 are consistent with the mathematical design of the 
proposed loss function. By weighting pixel-wise errors according to their distance from crack 
structures, the loss increases the gradient contribution near thin boundaries during training. 
This mechanism encourages the network to prioritize structural continuity and boundary 
alignment, thereby reducing extreme spatial deviations. 

The empirical relationship 𝐻𝐷95𝐷𝐴 < 𝐻𝐷95𝐷𝑖𝑐𝑒 < 𝐻𝐷95𝐵𝐶𝐸 therefore reflects the 
increasing degree of spatial awareness embedded in the respective loss functions. Importantly, 
these improvements are achieved without modifying the network architecture. All perfor-
mance gains originate solely from the training objective, supporting the hypothesis that, in 
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constrained-data scenarios, improving the loss formulation can be an effective strategy for 
enhancing geometric segmentation performance. 

5.4. Qualitative Results 

Figure 4 presents qualitative segmentation results obtained using different loss functions. 
The columns correspond to representative validation examples, while the rows show the in-
put façade image, the ground-truth crack annotation, and the predictions generated using 
BCE, Dice loss, and the proposed Distance-Aware loss under two probability thresholds (0.1 
and 0.5). Visual comparison reveals clear differences in how each loss formulation captures 
thin crack structures. Predictions produced using BCE and Dice often miss portions of cracks 
or generate fragmented segments, particularly when cracks are extremely thin or appear in 
low-contrast regions of the façade surface. This behavior reflects the characteristics of over-
lap-based losses, which treat pixel errors uniformly and do not explicitly prioritize boundary 
alignment. 

In contrast, the model trained with the proposed Distance-Aware loss produces more 
continuous crack predictions and better follows the natural trajectories of cracks. By incor-
porating spatial distance information during training, the loss emphasizes pixels located near 
crack boundaries, encouraging improved structural continuity and reduced boundary devia-
tions. These qualitative observations are consistent with the quantitative results reported in 
Table 2, where the proposed loss achieves the lowest HD95 and improved overlap-based 
metrics compared with BCE and Dice loss. 

 

Figure 4. Qualitative comparison of segmentation results obtained using different loss functions. 
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Figure 4. (continued) 

 

Columns correspond to representative validation examples. Rows show the input façade 
image, ground-truth crack mask, and segmentation predictions produced using BCE, Dice 
loss, and the proposed Distance-Aware loss with probability thresholds of 0.1 and 0.5. 
Ground-truth cracks are shown in green and predicted regions in red. 

5.5 Discussion of Findings 

The experimental results provide consistent evidence that incorporating spatial distance 
information into the training objective improves the segmentation of thin crack structures 
under limited data conditions. Across all experiments, the proposed distance-aware loss 
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achieved substantially lower HD95 values than both BCE and Dice loss while also improving 
overlap-based metrics. These results support the central hypothesis of this study: that intro-
ducing spatial awareness into the loss formulation can improve geometric alignment without 
modifying the network architecture. Thin cracks are highly sensitive to spatial deviations, and 
small positional errors may disrupt structural continuity even when overlap metrics remain 
relatively unchanged. By assigning greater importance to prediction errors near crack bound-
aries, the proposed loss encourages the model to preserve thin structural trajectories more 
accurately. 

The improvements observed in HD95 are particularly significant for practical structural 
inspection tasks. In real-world applications, accurate localization of crack boundaries is often 
more important than maximizing global region overlap. A reduction in boundary deviation 
indicates that predicted crack paths more closely follow the true structural geometry, which 
is essential for assessing crack length, connectivity, and potential structural risks. Another 
important observation is that the proposed improvement is achieved without modifying the 
network architecture. All experiments were conducted using the same U-Net configuration 
and identical training settings. Consequently, the performance gains can be attributed directly 
to the loss formulation rather than architectural complexity. This finding suggests that opti-
mizing the training objective can be an efficient strategy for improving segmentation perfor-
mance in constrained-data environments. 

The results also highlight the importance of selecting evaluation metrics that reflect the 
geometric characteristics of the target structures. While Dice and IoU remain useful indicators 
of overall segmentation performance, they are less sensitive to structural fragmentation in 
thin objects. In contrast, HD95 captures extreme boundary deviations and therefore provides 
a more informative measure of geometric accuracy in thin structure segmentation. The find-
ings indicate that lightweight distance-aware optimization provides a practical mechanism for 
improving the geometric behavior of segmentation models when training data are limited. 

6. Conclusions 

This study investigated a lightweight distance-aware loss formulation for thin crack seg-
mentation in building facades under limited data conditions. Thin crack detection is challeng-
ing because cracks are narrow and elongated structures that occupy only a small fraction of 
the image area, making segmentation highly sensitive to spatial deviations. The proposed 
method integrates Euclidean distance information derived from ground-truth masks into a 
Dice-based loss formulation. By increasing the influence of prediction errors near crack 
boundaries while reducing the contribution of distant background pixels, the method intro-
duces spatial awareness into the optimization process without modifying the segmentation 
architecture. 

Experimental evaluation on a real-world facade crack dataset demonstrates that the pro-
posed loss consistently reduces boundary deviation compared with BCE and standard Dice 
loss. In particular, the results show a substantial reduction in HD95, indicating improved 
geometric alignment and better preservation of crack continuity. These improvements are 
achieved using a standard U-Net architecture and identical training conditions, confirming 
that the observed gains originate from the loss formulation rather than architectural modifi-
cations. Despite these encouraging results, several limitations remain. The experiments were 
conducted on a single facade crack dataset, and additional validation across multiple datasets 
would be necessary to assess the general applicability of the proposed approach. Furthermore, 
the distance-weighting mechanism relies on fixed hyperparameters that may depend on image 
resolution and crack morphology. 

Future research may explore adaptive or learnable distance-weighting strategies and eval-
uate the method on additional thin-structure segmentation tasks, including applications in 
medical imaging and remote sensing. Integrating topology-aware or connectivity-preserving 
constraints may also further improve segmentation quality for extremely thin or fragmented 
structures. 
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