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Abstract

Crack segmentation plays a vital role in ensuring structural safety, yet practical deployment
on resource-limited platforms demands models that balance accuracy with efficiency.
While high-accuracy models often rely on computationally heavy designs to expand their
receptive fields, recent lightweight approaches typically delay this expansion to the deepest,
low-resolution layers to maintain efficiency. This design choice leaves long-range context
underutilized, where fine-grained evidence is most intact. In this paper, we propose an
evidence-preserving receptive-field expansion network, which integrates a multi-scale
dilated block to efficiently capture long-range context from the earliest stages and an input-
guided gate that leverages grayscale conversion, average pooling, and gradient extraction
to highlight crack evidence directly from raw inputs. Experiments on six benchmark
datasets demonstrate that the proposed network achieves consistently higher accuracy
under lightweight constraints. Each of the three proposed variants—Base, Small, and
Tiny—outperforms its corresponding baselines with larger parameter counts, surpassing a
total of 13 models. For example, the Base variant reduces parameters by 66% compared
to the second-best CrackFormer II and floating-point operations by 53% on the Ceramic
dataset, while still delivering superior accuracy. Pareto analyses further confirm that the
proposed model establishes a superior accuracy–efficiency trade-off across parameters and
floating-point operations.

Keywords: crack segmentation; lightweight model; receptive field expansion

1. Introduction
Crack segmentation is a core task for the automation of structural safety inspection

and preventive maintenance in civil and architectural infrastructure [1]. Traditionally,
such inspections are performed manually by human experts, a process that is often time-
consuming, subjective, and hazardous [2]. Computer vision algorithms enable systematic
and reproducible crack detection, reducing subjective variability in structural health moni-
toring [3]. Nevertheless, transitioning this technology from a controlled laboratory setting
to practical, real-world applications introduces a critical trade-off between two conflicting
goals [4]. On one hand, the safety-critical nature of inspection imposes stringent accuracy
requirements [5]. On the other hand, for on-device processing on platforms such as drones
or mobile robots, models should be extremely lightweight and computationally efficient [6].
These platforms operate under tight resource budgets, including limited battery life, mem-
ory, and processing power, which necessitates a design that minimizes computational cost
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while maintaining substantial accuracy to ensure swift, reliable, and continuous opera-
tion in the field [7]. Meeting these on-device constraints typically requires models with
fewer than five million parameters and a computational cost of several hundred million
floating-point operations (FLOPs) [8].

A central challenge in crack segmentation lies in acquiring sufficient global context,
as the elongated and continuous nature of cracks requires a wide receptive field to distin-
guish them from background patterns and to preserve mask integrity [9]. Conventional
approaches enlarge the receptive field by stacking convolutional layers. However, this strat-
egy is computationally expensive and unsuitable for compact models. To satisfy efficiency
requirements, recent lightweight crack segmentation models adopt depthwise or group
convolutions, channel reduction, and slim encoder–decoder designs [10–12]. However,
their strategy for receptive-field expansion is often limited, leaving long-range context
underutilized in the early stages where fine-grained evidence is most intact. A typical
example of this is confining dilated convolutions—an effective tool for receptive-field
expansion—to the deepest, low-resolution layers to avoid computational cost and gridding
artifacts at higher resolutions. This leads to a reliance on post-hoc refinements, such as
attention or sharpening filters, to compensate for information that has already been lost,
ultimately limiting accuracy under resource-constrained conditions.

In this work, we propose Evidence-Preserving Receptive-field Expansion network
(EP-REx), a crack segmentation network designed to enlarge the receptive field efficiently
under lightweight constraints. Conventional dilated convolutions provide a cost-effective
way to extend context, but when applied with large dilation rates on high-resolution maps,
they often introduce gridding artifacts and fail to capture fine details crucial for hairline
cracks [13]. EP-REx addresses this limitation with a multi-scale dilated block (MSDB) of
parallel dilated depthwise convolutions, where small dilation rates preserve local detail and
larger rates capture broader context, collectively achieving a balanced receptive-field expan-
sion at low cost. To further strengthen this process, EP-REx incorporates an input-guided
gate (IG-Gate), which derives a parameter-free map from input intensity and gradient
cues to modulate feature responses. This input-guided mechanism efficiently leverages
raw-image cues to emphasize crack continuity, thereby complementing the dilated design
and supporting more balanced receptive-field expansion. The main contributions of this
work are summarized as follows:

• We propose EP-REx, a compact architecture that efficiently enlarges the receptive
field to capture global context while simultaneously preserving the critical pixel-level
evidence essential for crack segmentation, making it suitable for resource-constrained
applications.

• We introduce a multi-scale block featuring parallel dilated depthwise convolutions.
Our ablation studies validate that this design, which captures both broad context
and fine details, is more effective than standard convolutional blocks for improving
segmentation accuracy in a lightweight setting.

• We present IG-Gate, a parameter-free module that leverages raw input intensity and
gradient cues to modulate feature responses. We demonstrate through ablation studies
that this mechanism effectively enhances performance and works synergistically with
our multi-scale block to better preserve critical pixel-level cues.

2. Related Work
A pivotal moment in neural network-based semantic segmentation was the introduc-

tion of fully convolutional network (FCN), one of the earliest widely adopted end-to-end
frameworks for dense, pixel-wise prediction achieved by replacing final fully connected lay-
ers with convolutional ones [14]. This innovation allowed the network to process images of
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arbitrary sizes and produce a corresponding spatial map of predictions. Building upon this,
the U-Net architecture introduced a symmetric encoder–decoder structure complemented
by skip connections [15]. The encoder path progressively downsamples the input to cap-
ture high-level semantic context, while the decoder path gradually upsamples the feature
maps to recover spatial resolution. Crucially, the skip connections bridge these two paths,
allowing the decoder to reuse fine-grained feature maps from the encoder. This mechanism
was shown to be highly effective for precise localization and has become a standard in
different domains requiring the accurate delineation of fine-grained structures [16,17].

Subsequent works have further refined these foundational architectures. The DeepLab
series, for instance, introduced atrous (dilated) convolutions and atrous spatial pyramid
pooling (ASPP) to capture multi-scale context without sacrificing spatial resolution [18].
More recently, the paradigm has shifted towards transformer-based architectures, which
excel at capturing long-range dependencies. SegFormer demonstrated that a hierarchical
transformer encoder paired with a simple multi-layer perceptron decoder could achieve
state-of-the-art performance efficiently [19]. The trend shifted towards hybrid models that
combine the local feature extraction strengths of convolutional networks with the global
context modeling of transformers, a popular strategy for improving segmentation accuracy
in complex scenes [20–22].

While the accuracy of neural networks grew, their computational and memory de-
mands often became prohibitive, creating a significant barrier to deployment on resource-
constrained platforms such as mobile phones and embedded devices [23]. Specifically,
traditional encoder–decoder architectures, such as FCN, often involve tens of millions of
parameters and computational costs on the order of tens of giga FLOPs, as they rely heavily
on standard convolutions, where every input channel is densely connected to every output
channel [8,24]. This challenge spurred a dedicated research effort into creating efficient net-
work designs that balance performance with computational cost [25]. A key innovation in
this area was the use of depthwise separable convolutions, popularized by MobileNet [26].
This technique factorizes a standard convolution into two separate steps: a depthwise con-
volution that applies a single filter per input channel, followed by a pointwise convolution,
which is a 1 × 1 convolution, to combine the outputs. This factorization drastically reduces
the number of parameters and computations. ShuffleNet further optimized this concept by
introducing pointwise group convolutions and a novel channel shuffle operation, which
facilitates information flow between channel groups to maintain high accuracy while mini-
mizing cost [24,27]. Beyond architectural innovations, model compression techniques have
also become crucial. Methods including network pruning, which systematically identifies
and removes unimportant weights or entire network connections post-training [28,29], and
knowledge distillation, where a compact student model is trained to mimic the output of
a larger, more powerful teacher model [30], have enabled the creation of highly efficient
models without significant performance degradation.

This evolutionary trajectory has directly shaped the development of crack segmen-
tation methods. Early efforts involved applying foundational architectures, such as
FCNs [31,32] and U-Net [33], directly to the problem. These models supplanted tradi-
tional, often hand-engineered image processing methods [1,34] by demonstrating superior
performance, robustness, and generalization across different surface types and imaging
conditions. More recently, transformer-based modules have been employed to capture the
long-range continuity of cracks [35]. Finally, the emphasis on lightweight and efficient
architectures, exemplified by MobileNet and ShuffleNet [27], has motivated recent crack
segmentation models such as RHACrackNet [10] and LMNet [36], which adapt these
efficiency principles to enable real-time inspection in resource-constrained environments.
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As the field matured, research focused on developing specialized architectures to
address the unique challenges of crack detection, such as their fine-grained, elongated
nature and the presence of complex background noise that can mimic crack-like features.
To enhance feature representation, DeepCrack aggregated hierarchical features from all
convolutional layers to create a richer, multi-scale understanding of the input [37], while
others refined the information flow in skip connections using residual blocks and sharpen-
ing kernels to reduce the semantic gap between encoder and decoder features [9]. Attention
mechanisms were widely adopted to help models focus on salient crack regions and sup-
press irrelevant background patterns [10,38]. More recently, transformers were integrated to
capture the long-range dependencies inherent in crack structures. This began with hybrid
models such as CrackFormer, which embedded self-attention modules into a convolutional
framework [35], and evolved into powerful dual-encoder networks that combine the local
feature extraction strengths of convolutional networks with the global context modeling of
transformers [39–41].

Concurrently, the practical need for real-time, on-device inspection has intensified
the focus on efficient design principles. Recent lightweight models often combine efficient
backbones with specialized modules to maintain accuracy. For example, RHACrackNet [10]
utilizes depthwise separable convolutions and residual connections for efficiency, while in-
corporating spatial and channel attention to preserve crack continuity. Similarly, CSNet [11]
employs group convolutions with shuffling and also uses attention mechanisms, though it
relies on DenseASPP for multi-scale processing, which can risk losing feature details at high
dilation rates. More complex designs such as LMNet [36] use depthwise convolutions but
add a suite of modules—including a trainable edge extractor and a feature-reconnection
module—to explicitly compensate for information loss during downsampling and enhance
feature representation. An active learning framework combining subset searching and
weighted sampling was proposed to enhance efficiency and accuracy in crack detection [42].
A Faster R-CNN–based approach was developed to automatically identify and localize
multiple seismic damage types in reinforced concrete columns from images [43].

A common drawback of conventional models is their limited ability to capture long-
range context in the early stages, where fine-grained evidence is most intact. This limitation
arises because, to avoid high computational costs and potential gridding artifacts, such
models typically restrict large-rate dilated convolutions to their deepest, low-resolution
layers [11,36]. As a result, they often rely on auxiliary modules, such as attention or feature-
reconnection blocks, to compensate for this limited contextual view and to recover details
lost during downsampling. This strategy was compensatory, since it fixed information
loss only after it had already occurred. This motivated a different approach where a more
efficient receptive field expansion is integrated directly into the feature extraction process
from the outset.

3. Proposed Method
In this section, we present the proposed network for crack segmentation, designed to

attain a favorable balance between segmentation accuracy and computational efficiency, as
illustrated in Figure 1. We begin with the preliminaries, where we mathematically define
the crack segmentation and outline the motivation of our architectural design. We then
detail our solution, breaking it down into its key components: MSDB for feature extraction
and a parameter-free IG-Gate for feature modulation.
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Figure 1. Overall architecture of the proposed network. The encoder is constructed with IG-Gates
and MSDBs interleaved with pooling layers, while the decoder recovers spatial resolution using
transposed convolutions and decoding blocks.

3.1. Preliminaries

Let X = RH×W×3 be the space of input RGB images and Y = {0, 1}H×W be the
space of corresponding binary ground truth segmentation masks, where H and W denote
the image height and width, respectively. For a given mask M ∈ Y , a value of Mij = 1
at pixel coordinate (i, j) indicates the presence of a crack, while Mij = 0 indicates the
background. The objective of crack segmentation is to learn a function F : X → [0, 1]H×W

that approximates the true underlying mapping from an image I ∈ X to its mask M ∈ Y .
The function F is approximated by a neural network parameterized by a set of weights θ.
The network takes an image I as input and outputs a score map P = F (I; θ), where each
element Pij ∈ [0, 1] represents the score that pixel (i, j) belongs to a crack. The learning
process aims to find the optimal parameters θ∗ that minimize a chosen loss function L over
a training dataset D = {(In, Mn)}N

n=1, where N denotes the number of training samples as

θ∗ = arg min
θ

1
N

N

∑
n=1

L(F (In; θ), Mn). (1)

In our study, the loss function L is defined as a hybrid Dice + CrossEntropy loss,
formulated as

L = LDice + LCE, (2)

where LCE is the standard pixel-wise cross-entropy loss and LDice is the soft Dice loss that
directly optimizes region overlap between the prediction P and ground truth M.

The effective approximation of the function F for crack segmentation requires ad-
dressing two competing demands. The first is the need for a global context, which involves
capturing long-range spatial dependencies to maintain the continuity of elongated cracks.
The second is the need to preserve local evidence, the fine-grained, pixel-level details such
as subtle intensity changes that are crucial for detecting hairline cracks. Conventional
methods for expanding the receptive field to capture global context, such as stacking a
number of layers, can be computationally demanding for lightweight models. While ef-
ficient alternatives such as aggressive downsampling exist, they lead to a severe loss of
spatial resolution, permanently destroying local evidence.
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Dilated convolutions offer a more efficient way to enlarge the receptive field without
downsampling. However, they introduce a new challenge as the sparse sampling problem.
Using a single, large dilation rate on high-resolution feature maps can cause the sampling
grid to miss the very fine-grained details that define hairline cracks, leading to fragmented
predictions and gridding artifacts. These competing requirements create a fundamental
dilemma, defining the core challenge as the need to efficiently expand the receptive field
for global context without losing the local evidence necessary for precise detection. Our
work is motivated by the need to resolve said context-evidence dilemma by leveraging the
efficiency of dilated convolutions while mitigating their inherent drawbacks.

3.2. Proposed Architecture: Encoder Path

To address the problem defined above, we propose an encoder–decoder architecture,
illustrated in Figure 1. The proposed model is specifically designed to tackle the conflicting
requirements of context aggregation and evidence preservation through a dual-pronged
strategy within its encoder. The encoder path consists of L stages. Let X(l−1) be the output
feature map of the (l − 1)-th stage. The operation at the l-th stage (l = 1, . . . , L) begins with
feature extraction, where the input feature map is processed by a sequence of Nb MSDBs.
Let X(l)

MSDB,0 = X(l−1). Then, for b = 1, . . . , Nb, the features are sequentially refined as

X(l)
MSDB,b = F (l)

MSDB,b(X(l)
MSDB,b−1), (3)

where F (l)
MSDB,b is the b-th MSDB in the stage. Let the final output of the MSDB sequence be

X(l)
MSDB = X(l)

MSDB,Nb
. Concurrently, IG-Gate generates a spatial attention score map, G(l),

from the original input image I as

G(l) = G(l)
IG (I), (4)

where G(l)
IG denotes the function of IG-Gate at the l-th stage. The resulting score map

modulates the extracted features via element-wise multiplication (⊙) as

X(l)
mod = X(l)

MSDB ⊙ G(l). (5)

Finally, the modulated feature map is downsampled using a max-pooling operation,
Pmax(·), to produce the output for the current stage as

X(l) = Pmax(X(l)
mod) (6)

3.3. Multi-Scale Dilated Block (MSDB)

MSDB, depicted in Figure 2, is the core feature extractor in our encoder, designed to
efficiently expand the receptive field.

MSDB achieves receptive field expansion by capturing multi-scale contextual in-
formation through parallel dilated convolutions, which mitigates the sparse sampling
problem of using a single large dilation rate. Let the input to the block be a feature map
Xin ∈ RH′×W ′×C′

. First, a pointwise convolution (Conv1×1) projects the input features,
preparing them for multi-scale processing as

Xproj = Conv1×1,in(Xin). (7)
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Figure 2. Structure of MSDB. The input features are split into parallel branches of 3× 3 depthwise con-
volutions with different dilation rates (d = 1, 3, 5). After normalization, the outputs are concatenated
and fused through 1 × 1 convolutions, effectively expanding the receptive field at low cost.

The projected feature map Xproj is then fed into K parallel branches. In our implemen-
tation, K = 3. Each branch k ∈ {1, . . . , K} applies a 3 × 3 depthwise convolution with a
different dilation rate dk as

Xk = F dk
DW(Xproj) for k = 1, 2, 3, (8)

where the dilation rates are set to d1 = 1, d2 = 3, d3 = 5. The branch with a small di-
lation rate captures fine-grained local details, while branches with larger rates capture
broader context. The feature maps from all branches are normalized, activated, and then
concatenated along the channel dimension as

Xcat = [σact(N (X1)), σact(N (X2)), σact(N (X3))]. (9)

Finally, another pointwise convolution (Conv1×1,out) fuses the concatenated multi-
scale features to produce X f used as

X f used = Conv1×1,out(Xcat). (10)

To preserve the original information and stabilize training, a residual connection
is applied. If the input and output channels differ, a 1 × 1 projection is used to align
dimensions as

Xout = X f used + Pproj(Xin), (11)

where Pproj denotes either the identity mapping or a 1 × 1 convolution for channel ad-
justment. While parallel dilated convolutions have been previously explored in generic
semantic segmentation (e.g., DeepLabV3+ [18]), their use in crack segmentation has been
rare and typically confined to the final encoder stage due to the sparse sampling issue.
In contrast, we extend their application across all encoder stages and combine them with
IG-Gate, enabling more effective receptive field expansion under lightweight constraints.

3.4. Input-Guided Gate (IG-Gate)

IG-Gate, illustrated in Figure 3, is a parameter-free module that generates a spatial
attention score map directly from the original input image I ∈ RH×W×3. The generated
score map is used to modulate the features extracted by the MSDBs. To generate a gate G(l)
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for the l-th encoder stage with feature map resolution H′ × W ′, the input image I is first
converted to grayscale, Igray = T (I), and downsampled to the target resolution as

Ipool = Pavg(Igray) ∈ RH′×W ′×1. (12)

IG-Gate & MSDB×2

IG-Gate

Intensity 

Extraction

Gradient 

Extraction

Convert into 

Gray-scale Image
Average Pooling into 

Target Resolution

Sigmoid

Input

MSDB

MSDB

⊗

Previous Layer

Figure 3. Illustration of IG-Gate. The input image is first converted into a grayscale representation
and pooled into the target resolution. Then, intensity and gradient features are extracted, normalized
through a sigmoid function, and used as a spatial gate to modulate subsequent features.

From the pooled image, two fundamental low-level feature maps are extracted as a
normalized intensity map Fint and a gradient magnitude map Fgrad. These cues are chosen
because crack pixels are typically distinguished from the background by subtle intensity
contrasts and edge-like gradient responses, making them the most decisive evidence for
preserving hairline structures. The intensity map is computed by normalizing the pooled
image Ipool to have a zero mean and unit variance. Let µ and σ2 be the mean and variance
of Ipool over its spatial dimensions. The normalized intensity map is then calculated as

Fint =
Ipool − µ
√

σ2 + ϵ
, (13)

where ϵ is a small constant for numerical stability. The gradient magnitude map is computed
using Sobel filters. First, we compute the horizontal and vertical gradient components, Gx

and Gy, as
Gx = Sx ∗ Ipool , Gy = Sy ∗ Ipool . (14)

The gradient magnitude, Fgrad, is then calculated as the L1 norm of these compo-
nents as

Fgrad = |Gx|+ |Gy|, (15)

where ∗ denotes the 2D convolution operation. The intensity and gradient maps provide
complementary cues for crack evidence. Among possible fusion strategies, we adopt simple
element-wise summation for its computational efficiency, yielding the combined score map
S as

S = Fint + Fgrad. (16)



Symmetry 2025, 17, 1653 9 of 23

The map is then passed through a sigmoid function σsig to produce the final single-
channel spatial gate G(l) ∈ [0, 1]H

′×W ′×1 as

G(l) = σsig(S). (17)

The gate G(l) is then used to modulate the feature map from the MSDBs, as previously
defined in Equation (5). The gating mechanism allows the network to amplify features in
regions with strong low-level evidence (high scores) and suppress features in background
areas (low scores), effectively preserving critical information without adding learnable
parameters.

3.5. Decoder Path and Final Prediction

The decoder path symmetrically recovers spatial resolution to produce the final seg-
mentation map. Let Y(l) be the output of the l-th decoder stage. For stages l = L − 1, . . . , 1,
the process begins by upsampling the feature map from the deeper layer, Y(l+1), using a
transposed convolution, U (l) as

Y(l)
up = U (l)(Y(l+1)). (18)

Next, the upsampled feature map is concatenated with the corresponding modulated
feature map X(l)

mod from the encoder via a skip connection as

Y(l)
cat = [Y(l)

up , X(l)
mod]. (19)

Finally, the fused feature map is passed through a decoding block, F (l)
Dec, to refine the

features and produce the output for the current stage as

Y(l) = F (l)
Dec(Y

(l)
cat). (20)

The final prediction map P is obtained from the output of the last decoder stage, Y(1),
by applying a final 1 × 1 convolution followed by a sigmoid activation as

P = σsig(Conv1×1(Y(1))). (21)

The final operation maps the multi-channel feature map to a single-channel score map,
where each pixel value represents the predicted score of belonging to a crack.

4. Experiments
In this section, we provide a comprehensive validation of our proposed EP-REx model.

We begin by detailing the experimental setup, followed by quantitative comparisons against
state-of-the-art models, a Pareto frontier analysis of the accuracy–efficiency trade-off, an
ablation study on core components, and a qualitative analysis of the visual results.

4.1. Experimental Settings

To comprehensively evaluate our proposed method, we compared it against 13 state-
of-the-art models covering various approaches in crack segmentation. These baselines
were categorized into three groups based on their design objectives and architectures.
Lightweight crack segmentation models. We evaluated recent lightweight architectures
specifically designed for efficient crack detection. BLCDNet [44] employed biologically
inspired mechanisms for contour detection, while CarNet [12] and RHACrackNet [10]
proposed efficient CNN architectures for pavement crack detection. DSUNet [4] leveraged
depthwise separable convolutions to reduce parameters, and LMNet [36] adopted a mod-
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ular design for computational efficiency. For a comprehensive comparison, we included
models that prioritized segmentation quality for crack detection. CrackFormer II [45]
utilizes transformer architecture for pavement crack segmentation, CSNet [11] incorporates
multi-scale context with attention mechanisms, and DECSNet [40] employs dual encoders
with Haar wavelet-based high-low frequency attention. RSNet [9] extends the U-Net archi-
tecture with residual connections for both segmentation and severity assessment, while
U-MPSC [46] targeted crack detection in metal pipes. In addition, we included general-
purpose lightweight segmentation models to establish broader efficiency baselines. These
models were retrained from scratch on the crack datasets with their output layers adapted
for binary segmentation, ensuring consistency across comparisons. PIDNet [47] provided
real-time semantic segmentation inspired by PID controllers, DSNet [48] introduced novel
uses of atrous convolutions, and XYWNet [49] offered edge-detection capabilities through
bio-inspired parallel pathways.

We performed comprehensive experiments to demonstrate the effectiveness of our
proposed dual-path network. The training process consisted of 100 epochs with a batch size
of 4. We utilized the AdamW optimizer configured with a learning rate of 1× 10−3, momen-
tum parameter of 0.9, and weight decay of 1 × 10−4. For the loss function, we employed a
combination of Dice loss and cross-entropy loss. Our data augmentation strategy incorpo-
rated horizontal and vertical flipping along with random rotations at 90°, 180°, and 270°
angles. For a thorough evaluation of our approach, we used six widely used public crack
segmentation datasets: Ceramic [50], DeepCrack237 [37], Masonry [51], DeepCrack537 [37],
CD [32], and CamCrack789 [52], as summarized in Table 1. These datasets collectively cover
a wide range of crack morphologies and imaging conditions. Specifically, Ceramic contains
surface-level cracks with relatively uniform textures, while Masonry features fine cracks
embedded in highly structured brick backgrounds. DeepCrack237 and DeepCrack537 consist
of elongated and connected cracks across concrete surfaces with variable widths and noise
conditions. CD includes pavement cracks with diverse widths and irregular branching
patterns, and CamCrack789 extends diversity further with high-resolution images of asphalt
and road surfaces under varying lighting conditions. This diversity in crack morphology—
ranging from hairline cracks to wide fractures, and from homogeneous to highly cluttered
backgrounds—provided a challenging and comprehensive benchmark for evaluating the
adaptability of the segmentation models. All datasets were split into training, validation,
and test sets using a 6:2:2 ratio through random partitioning. To ensure statistical reliability,
we repeated each experiment five times independently and report the averaged results. For
evaluation, we measured segmentation accuracy using the Intersection-over-Union (IoU),
and efficiency using the number of parameters (#Params) and FLOPs.

Table 1. Detailed characteristics of crack segmentation datasets.

Dataset Original Resolution Input Resolution # Images Train/Val/Test

Ceramic [50] 256 × 256 × 3 256 × 256 × 3 100 60/20/20
DeepCrack237 [37] 384 × 544 × 3 384 × 640 × 3 237 142/47/48

Masonry [51] 224 × 224 × 3 256 × 256 × 3 240 144/48/48
DeepCrack537 [37] 384 × 544 × 3 384 × 640 × 3 537 316/105/106

CD [32] 236–306 × 256–334 × 3 384 × 384 × 3 776 466/155/155
CamCrack789 [52] 480 × 640 × 3 384 × 512 × 3 789 473/158/158

To systematically evaluate the accuracy–efficiency trade-off of our proposed architec-
ture, we designed and experimented with three distinct variants: Base, Small, and Tiny.
These variants were created by progressively reducing both the channel width, controlled
by the number of initial feature channels, and the network depth, which was the number
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of MSDBs per stage. The specific configurations were as follows: The Base variant used 32
initial feature channels and employed a 1–2–2–2 configuration of MSDBs across the four
encoder stages. The Small variant reduced the channel width to 28 initial feature channels
and used a lighter 1–2–2–1 MSDB configuration, while the Tiny variant was the most
compact, with 24 initial feature channels and a 1–1–2–1 MSDB configuration. These design
choices allowed for a comprehensive analysis of how performance scaled with model size.
Furthermore, paired t-tests were conducted to statistically validate the significance of the
performance differences between our proposed models and other methods.

4.2. Experimental Results

The experimental results are organized according to our three model variants: Base,
Small, and Tiny. For each variant, we present its IoU performance (Tables 2–4) and com-
putational complexity (Tables 5–7) in dedicated tables. Each variant was benchmarked
against state-of-the-art models of a similar or larger scale, focusing on the trade-off between
segmentation accuracy and efficiency.

Table 2. IoU performance comparison of the Base model variant against several high-performance
segmentation models across six benchmark datasets. Each score represents the average over five
independent runs ± for standard deviation. The best results are marked in bold. A triangle (▼)
indicates statistical significance at the 0.05 level based on paired t-tests against the proposed model.

Model Name Ceramic DeepCrack237 Masonry DeepCrack537 CD CamCrack789

Proposed (Base) 0.304 ± 0.024 0.793 ± 0.015 0.650 ± 0.017 0.768 ± 0.012 0.762 ± 0.006 0.726 ± 0.004
BLCDNet 0.256 ± 0.027▼ 0.767 ± 0.016▼ 0.579 ± 0.023▼ 0.742 ± 0.015▼ 0.727 ± 0.011▼ 0.710 ± 0.005▼

CSNet 0.188 ± 0.027▼ 0.717 ± 0.013▼ 0.537 ± 0.008▼ 0.693 ± 0.015▼ 0.621 ± 0.004▼ 0.663 ± 0.005▼

CarNet 0.254 ± 0.015▼ 0.772 ± 0.012▼ 0.595 ± 0.029▼ 0.740 ± 0.015▼ 0.708 ± 0.005▼ 0.712 ± 0.006▼

CrackFormer II 0.285 ± 0.025 0.785 ± 0.017 0.632 ± 0.022 0.754 ± 0.015▼ 0.740 ± 0.004▼ 0.720 ± 0.008
DSNet 0.214 ± 0.018▼ 0.760 ± 0.019▼ 0.611 ± 0.023▼ 0.739 ± 0.016▼ 0.696 ± 0.003▼ 0.700 ± 0.003▼

PIDNet 0.107 ± 0.015▼ 0.687 ± 0.052▼ 0.552 ± 0.049▼ 0.689 ± 0.017▼ 0.630 ± 0.007▼ 0.642 ± 0.011▼

DSUNet 0.301 ± 0.037 0.779 ± 0.010 0.633 ± 0.023 0.751 ± 0.014▼ 0.749 ± 0.008▼ 0.716 ± 0.005▼

RSNet 0.252 ± 0.013▼ 0.763 ± 0.018▼ 0.578 ± 0.011▼ 0.725 ± 0.013▼ 0.721 ± 0.011▼ 0.704 ± 0.002▼

U-MPSC 0.235 ± 0.017▼ 0.683 ± 0.030▼ 0.529 ± 0.033▼ 0.617 ± 0.029▼ 0.682 ± 0.008▼ 0.499 ± 0.079▼

DECSNet 0.265 ± 0.019 0.774 ± 0.013▼ 0.629 ± 0.015▼ 0.741 ± 0.017▼ 0.712 ± 0.006▼ 0.706 ± 0.005▼

Table 3. IoU performance comparison of the Small model variant against a competing lightweight
model across six benchmark datasets. Each score represents the average over five independent
runs ± for standard deviation. The best results are marked in bold. A triangle (▼) indicates statistical
significance at the 0.05 level based on paired t-tests against the proposed model.

Model Name Ceramic DeepCrack237 Masonry DeepCrack537 CD CamCrack789

Proposed (Small) 0.288 ± 0.026 0.788 ± 0.013 0.644 ± 0.016 0.766 ± 0.016 0.754 ± 0.003 0.725 ± 0.005
RHACrackNet 0.268 ± 0.023 0.770 ± 0.022▼ 0.626 ± 0.017▼ 0.746 ± 0.014▼ 0.734 ± 0.010▼ 0.722 ± 0.004

Table 4. IoU performance comparison of the Tiny model variant against competing highly compact
models across six benchmark datasets. Each score represents the average over five independent
runs ± for standard deviation. The best results are marked in bold. A triangle (▼) indicates statistical
significance at the 0.05 level based on paired t-tests against the proposed model.

Model Name Ceramic DeepCrack237 Masonry DeepCrack537 CD CamCrack789

Proposed (Tiny) 0.285 ± 0.041 0.789 ± 0.014 0.643 ± 0.022 0.763 ± 0.015 0.755 ± 0.005 0.719 ± 0.006
LMNet 0.257 ± 0.026 0.782 ± 0.017 0.632 ± 0.023 0.753 ± 0.015▼ 0.739 ± 0.005▼ 0.715 ± 0.007
XYWNet 0.278 ± 0.020 0.777 ± 0.017▼ 0.625 ± 0.028▼ 0.754 ± 0.018▼ 0.737 ± 0.004▼ 0.716 ± 0.005
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Table 5. Computational complexity comparison of the Base model variant and larger models. #Params
(in millions) remain constant across datasets. FLOPs (in billions) vary based on input dimensions:
256 × 256 for Ceramic/Masonry, 384 × 640 for DeepCrack237/DeepCrack537, 384 × 384 for CD, and
384 × 512 for CamCrack789.

Model #Params (M)
FLOPs (B)

Ceramic DeepCrack237 Masonry DeepCrack537 CD CamCrack789

Proposed
(Base) 1.71 18.95 71.07 18.95 71.07 42.64 56.85

BLCDNet 2.41 44.43 166.62 44.43 166.62 99.97 133.30
CSNet 3.18 6.46 24.24 6.46 24.24 14.54 19.39
CarNet 4.89 9.56 35.86 9.56 35.86 21.52 28.69
CrackFormer
II 4.96 40.16 150.60 40.16 150.60 90.36 120.48

DSNet 6.55 13.91 52.12 13.91 52.12 31.28 41.70
PIDNet 7.62 2.95 11.04 2.95 11.04 6.63 8.83
DSUNet 11.59 45.20 169.26 45.20 169.26 101.60 135.43
RSNet 13.09 163.80 614.26 163.80 614.26 368.56 491.41
U-MPSC 36.07 132.63 497.37 132.63 497.37 298.42 397.90
DECSNet 47.41 19.61 73.54 19.61 73.54 44.12 58.83

Table 6. Computational complexity comparison of the Small model variant and larger models.
#Params (in millions) remain constant across datasets. FLOPs (in billions) vary based on input
dimensions: 256 × 256 for Ceramic/Masonry, 384 × 640 for DeepCrack237/DeepCrack537, 384 × 384
for CD, and 384 × 512 for CamCrack789.

Model #Params (M)
FLOPs (B)

Ceramic DeepCrack237 Masonry DeepCrack537 CD CamCrack789

Proposed
(Small) 0.99 12.80 47.99 12.80 47.99 28.79 38.39

RHACrackNet 1.67 4.52 16.94 4.52 16.94 10.16 13.55

Table 7. Computational complexity comparison of the Tiny model variant and larger models. #Params
(in millions) remain constant across datasets. FLOPs (in billions) vary based on input dimensions:
256 × 256 for Ceramic/Masonry, 384 × 640 for DeepCrack237/DeepCrack537, 384 × 384 for CD, and
384 × 512 for CamCrack789.

Model #Params (M)
FLOPs (B)

Ceramic DeepCrack237 Masonry DeepCrack537 CD CamCrack789

Proposed
(Tiny) 0.69 8.12 30.45 8.12 30.45 18.27 24.36

LMNet 0.83 16.13 60.50 16.13 60.50 36.30 48.40
XYWNet 0.89 7.95 29.79 7.95 29.79 17.88 23.84

Table 2 presents the IoU performance of our Base model against a broad range of
state-of-the-art methods, including high-performance crack-specific and general-purpose
segmentation models. The proposed Base model consistently achieved the highest IoU
scores across all six datasets, demonstrating its superior accuracy. Specifically, it obtained
an IoU of 0.304 on Ceramic, 0.793 on DeepCrack237, 0.650 on Masonry, 0.768 on Deep-
Crack537, 0.762 on CD, and 0.726 on CamCrack789. The performance gains were statistically
significant (p < 0.05) against the majority of competing models. Our model consistently
outperformed its closest competitors, CrackFormer II and DSUNet. For instance, it achieved
a notable +0.017 IoU improvement over DSUNet on the Masonry dataset.



Symmetry 2025, 17, 1653 13 of 23

Table 5 details the computational complexity of these models. Our Base model,
with only 1.71 M parameters, was significantly more lightweight than all other models
in this comparison group, as several competing models had over 4 M parameters (e.g.,
CrackFormer II and DSUNet) and some exceeded 10 M (e.g., RSNet and U-MPSC). In
terms of FLOPs, our model was also highly efficient, requiring fewer computations than
high-performing competitors such as CrackFormer II and DSUNet. While some models,
such as CSNet and PIDNet, had lower FLOPs, their IoU scores were substantially lower,
placing them at a much less favorable point on the accuracy–efficiency curve. These results
demonstrated that our Base model achieved a favorable accuracy–efficiency trade-off,
delivering consistently superior accuracy with substantially fewer parameters and FLOPs
compared to existing methods, as confirmed across six diverse crack segmentation datasets.

To evaluate our architecture in a more resource-constrained setting, we compared our
Small variant against RHACrackNet, a recent lightweight model. As shown in Table 3, the
Proposed (Small) model surpassed RHACrackNet in IoU on all six datasets. The perfor-
mance margins were statistically significant on the DeepCrack237, Masonry, DeepCrack537,
and CD datasets, with improvements of +0.018, +0.018, +0.020 IoU, and +0.020 IoU, respec-
tively. The complexity comparison in Table 6 revealed an interesting trade-off. Our Small
model was more parameter-efficient, with only 0.99 M parameters compared to the 1.67 M
of RHACrackNet. This highlighted the exceptional parameter efficiency of the proposed
model, demonstrating that our architecture achieved higher accuracy with a significantly
smaller memory footprint, which ultimately offered a better parameter-to-performance
ratio. For applications where model storage was a primary constraint, our Small variant
presented a more compelling option, although this advantage came with a trade-off in
computational cost (12.80 B vs. 4.52 B FLOPs in Ceramic/Masonry).

In the category of highly compact models, we compared our Tiny model against two
strong competitors, LMNet and XYWNet. The IoU results in Table 4 showed that our Tiny
variant consistently achieved the best performance, outperforming both baselines on all six
datasets. The improvements were statistically significant against XYWNet on four of the
six datasets and against LMNet on the DeepCrack537 and CD datasets. From a complexity
standpoint (Table 7), the Proposed (Tiny) model was the most efficient in this group. With
only 0.69 M parameters, it was lighter than both LMNet (0.83 M) and XYWNet (0.89 M).
Furthermore, its FLOPs (8.12 B) were nearly identical to the 7.95 B of XYWNet and less
than half of the 16.13 B of LMNet on the Ceramic and Masonry. In summary, the Proposed
(Tiny) model achieved the best accuracy–efficiency trade-off in its category by delivering
the highest IoU scores while being the most parameter-efficient and maintaining a highly
competitive computational cost.

4.3. Efficiency Analysis

To demonstrate the practical applicability of our proposed method, we conducted
a comprehensive efficiency analysis comparing model complexity against segmentation
performance. Figures 4–7 present Pareto frontier analysis for two representative datasets:
Ceramic and DeepCrack237, examining trade-offs between #Params, computational cost
(FLOPs), and IoU performance. The analysis revealed several key insights into the efficiency
characteristics of crack segmentation models. Our proposed approach demonstrated supe-
rior efficiency across multiple scales, with our Base, Small, and Tiny variants (connected by
the green line) achieving competitive performance while maintaining lower computational
requirements compared to existing methods.
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Figure 4. Pareto analysis of IoU vs. #Params on the Ceramic dataset. Our proposed models (stars)
establish a superior Pareto frontier compared to existing methods (circles connected by a dashed
line). The yellow star with a red border marks the theoretical ideal point (minimum parameters and
maximum IoU). The inset zooms into the high-performance region for detailed comparison.
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Figure 5. Pareto analysis of IoU vs. #Params on the DeepCrack237 dataset. Our proposed models
(stars) establish a superior Pareto frontier compared to existing methods (circles connected by a dashed
line). The yellow star with a red border marks the theoretical ideal point (minimum parameters and
maximum IoU). The inset zooms into the high-performance region for detailed comparison.
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Figure 6. Pareto analysis of IoU vs. FLOPs on the Ceramic dataset. Our proposed models (stars)
establish a superior Pareto frontier compared to existing methods (circles connected by a dashed line).
The yellow star with a red border marks the theoretical ideal point (minimum FLOPs and maximum
IoU). The inset zooms into the high-performance region for detailed comparison.
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Figure 7. Pareto analysis of IoU vs. FLOPs on the DeepCrack237 dataset. Our proposed models (stars)
establish a superior Pareto frontier compared to existing methods (circles connected by a dashed line).
The yellow star with a red border marks the theoretical ideal point (minimum FLOPs and maximum
IoU). The inset zooms into the high-performance region for detailed comparison.

In the parameter efficiency analysis (Figures 4 and 5), our method consistently out-
performed competing approaches. On the Ceramic dataset, our Tiny variant achieved
comparable performance to much larger models while using significantly fewer parame-
ters. The progression from Tiny to Base variants showed a controlled trade-off between
model complexity and performance, allowing practitioners to select the appropriate variant
based on their computational constraints.

The computational efficiency analysis using FLOPs (Figures 6 and 7) further validated
the efficiency of our approach. The Pareto frontier analysis identified the best trade-off
points among existing methods (circles and dashed line), while our proposed models consis-
tently achieved better efficiency ratios. Notably, our Small and Tiny variants often achieved
performance comparable to much more computationally expensive models, making them
particularly suitable for resource-constrained applications.

The consistent efficiency advantages across both datasets demonstrated the generaliz-
ability of our approach. While some competing methods achieved higher peak performance,
they did so at the cost of significantly increased computational requirements. Our method
provided a more balanced solution, offering practitioners flexible options that maintained
high accuracy while respecting computational constraints. This efficiency analysis under-
scored the practical value of our proposed method for real-world deployment scenarios
where computational resources were limited, such as edge computing applications or
real-time inspection systems.

4.4. Ablation Study

To validate the effectiveness of our two core components, MSDB and IG-Gate, we
conducted a comprehensive ablation study. We evaluated four configurations on four
distinct datasets: a baseline model with both modules disabled, and three variants with
each module enabled individually and then jointly. The baseline model replaced the
MSDBs with standard bottleneck blocks of a similar computational cost. The results,
summarized in Table 8, clearly demonstrated the individual and synergistic contributions
of our proposed modules. The baseline model (×, ×) provided a solid performance
foundation. Enabling MSDB alone (✓, ×) consistently improved the IoU over the baseline
across most datasets, validating its effectiveness in expanding the receptive field and
capturing better contextual features. Similarly, enabling IG-Gate alone (×, ✓) also showed
a performance gain, particularly on the Ceramic and Masonry datasets, which highlighted
its ability to preserve crucial low-level evidence that might otherwise have been lost. The
full model configuration with both MSDB and IG-Gate enabled (✓, ✓) achieved the highest
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IoU on all four datasets. This superior performance underscored the synergistic relationship
between the two components: MSDB efficiently expanded the receptive field for learning
vital crack characteristics, and IG-Gate ensured that this process was guided by the most
salient input evidence. This combination allowed the model to resolve the context–evidence
dilemma more effectively than either component could alone, leading to more accurate and
robust segmentation results.

Table 8. Ablation study of the MSDB and IG-Gate modules on four datasets. Adding both modules
yields the best IoU across datasets. Values are mean ± standard deviation.

Modules IoU
MSDB IG-Gate Ceramic DeepCrack237 Masonry DeepCrack537

✓ ✓ 0.295 ± 0.023 0.791 ± 0.014 0.650 ± 0.022 0.762 ± 0.011
✓ × 0.286 ± 0.007 0.786 ± 0.015 0.646 ± 0.016 0.762 ± 0.013
× ✓ 0.291 ± 0.007 0.779 ± 0.009 0.617 ± 0.036 0.750 ± 0.022
× × 0.266 ± 0.032 0.775 ± 0.015 0.632 ± 0.033 0.755 ± 0.017

To further clarify the contribution of each module, we provide a detailed comparison
of computational complexity and accuracy in Table 9. Replacing the residual bottlenecks of
the baseline with MSDB reduced the parameter count from 2.62 M to 1.71 M and lowered
FLOPs by about 20% (e.g., from 23.74 B to 18.95 B for 256 × 256 inputs and from 89.02 B to
71.07 B for 384 × 640 inputs) while also improving segmentation accuracy. In contrast, IG-
Gate did not increase the parameters or FLOPs, since it is a parameter-free spatial gate. Its
effectiveness is reflected in accuracy gains: when combined with MSDB, the IoU improved
by +0.009 on Ceramic, +0.005 on DeepCrack237, and +0.004 on Masonry, without incurring
additional computational cost. These results confirmed that the lightweightness of our
model mainly originated from the replacement of residual bottlenecks with MSDB, while
IG-Gate contributed complementary performance improvements at negligible overhead.

Table 9. Computational complexity comparison for ablation study. #Params (in millions) remain
constant across datasets. FLOPs (in billions) vary based on input dimensions: 256 × 256 for Ce-
ramic/Masonry and 384 × 640 for DeepCrack237/DeepCrack537.

Model #Params (M)
FLOPs (B)

Ceramic DeepCrack237 Masonry DeepCrack537

Proposed 1.71 18.95 71.07 18.95 71.07
MSDB Only 1.71 18.95 71.07 18.95 71.07
IG-Gate Only 2.62 23.74 89.02 23.74 89.02
Baseline 2.62 23.74 89.02 23.74 89.02

We further examined alternative fusion strategies for combining the normalized inten-
sity and gradient maps in IG-Gate, as illustrated in Figure 8a. Specifically, we compared
four strategies: (i) Sum, which directly added the two maps and applied the combined
score to all channels; (ii) Mul, which multiplied the two maps to further emphasize over-
lapping strong responses; (iii) Max, which selected the maximum response at each pixel
location; and (iv) Concat, where the feature channels were split in half, with the intensity
map applied to the first half and the gradient map applied to the second half. The results,
reported in Figure 8a, show minimal performance differences across the strategies. For
example, on DeepCrack237, the IoU scores are 0.791, 0.788, 0.794, and 0.790 for Sum, Mul,
Max, and Concat, respectively. Similar trends were observed on DeepCrack537 (0.763;
0.758; 0.762; 0.765) and Masonry (0.645; 0.640; 0.652; 0.649). Given the comparable perfor-
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mance, we adopted the Sum strategy, as it offered the simplest and most numerically stable
implementation without incurring additional complexity.
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(a) Score fusion strategies in IG-Gate. (b) Dilation rate sets in MSDB.

Figure 8. Ablation studies: (a) IG-Gate fusion strategies and (b) MSDB dilation rate sets.

Figure 8b shows the ablation study on different sets of dilation rates in MSDB. The
set 1, 3, 5 was empirically determined during the prototyping stage of our model and
adopted in the main experiments. Although 1, 2, 3 showed marginally higher performance
(e.g., 0.796 vs. 0.791 IoU on DeepCrack237), the difference was not substantial. Interest-
ingly, excessively large dilation gaps (e.g., 3, 11, 19) degraded performance, suggesting
that overly sparse sampling weakened the ability of the model to follow the continuity of
elongated cracks. This implied that dilation rate selection should be treated as a tunable
hyperparameter, and moderate expansions could better preserve crack structures.

Figure 9a presents the hyperparameter analysis for the number of encoder stages,
conducted on three representative datasets (DeepCrack237 and DeepCrack537). The results
showed that performance improved when increasing the depth from three to four stages,
with IoU rising from 0.787 to 0.791 on DeepCrack237 and from 0.761 to 0.763 on Deep-
Crack537. However, further increasing the depth to five stages did not yield additional
gains and, in some cases, slightly degraded performance (e.g., DeepCrack237: 0.787). These
results indicate that three max-pooling operations (i.e., four encoder stages) provided the
most favorable trade-off, supporting our architectural choice. Unlike traditional crack
segmentation architectures [36,45], which often rely on four or five downsampling opera-
tions to expand the receptive field at deeper layers, our study showed that such excessive
downsampling did not consistently improve crack segmentation.

To further quantify the FLOPs increase caused by the parallel structure, we analyzed
the effect of varying the number of MSDB branches in the Small version. As shown in
Figure 9b, FLOPs increased almost linearly with the number of branches across datasets
(DeepCrack237, CD, and CamCrack789), confirming that the parallel dilated convolution
design was the primary contributor to the higher computational cost. Nevertheless, when
compared with RHACrackNet, our model still required more FLOPs, suggesting that addi-
tional efficiency strategies beyond branch reduction were needed for further improvement.

In real-world scenarios, such as UAV- or robot-based inspection, the distance between
the imaging device and the target surface could vary substantially, which, in turn, can alter
the apparent scale of cracks. To examine the robustness of our model under such conditions,
we conducted an evaluation using random zoom augmentations at test time. Specifically,
we compared the proposed model with CrackFormer II across three zoom ranges: (0.8, 1.2),
(0.9, 1.1), and (1.0, 1.0), where a wider range represented more challenging scale variations.
The results, illustrated in Figure 10, show that as the zoom range widened, both models
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experienced gradual IoU degradation. Nevertheless, the proposed model consistently
exhibited a smaller performance drop compared to CrackFormer II across all datasets,
highlighting its enhanced robustness against scale changes. This suggests that the com-
bination of multi-scale receptive field expansion via MSDB and low-level guidance from
IG-Gate enables our network to better preserve crack continuity, even when scale variations
were present.

3 4 5
Number of Stages

0.74

0.76

0.78

0.80

Io
U

0.787±0.016
0.791±0.016

0.787±0.013

0.761±0.014 0.763±0.016

0.763±0.016

DeepCrack237
DeepCrack537

1 2 3
Number of Branches

10

20

30

40

50

FL
O

Ps
 (B

ill
io

n)

DeepCrack237
CD
CamCrack789

(a) Effect of encoder depth on
segmentation performance.

(b) Computational cost with different numbers of
MSDB branches.

Figure 9. Ablation studies: (a) IoU performance with different encoder depths and (b) FLOPs with
varying numbers of MSDB branches.
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Figure 10. Performance comparison of the proposed model and CrackFormer II under different
random zoom ranges. Wider ranges simulate larger-scale variations, as may occur in UAV- or device-
based inspections. The proposed model shows smaller IoU drops, indicating stronger robustness to
scale changes.



Symmetry 2025, 17, 1653 19 of 23

Figure 11 presents the qualitative results for the Masonry dataset. In challenging
cases where brick seams or surface textures resembled cracks, existing lightweight models,
such as XYWNet and RHACrackNet, often misclassified these patterns as cracks, leading
to spurious detections. In contrast, the proposed EP-REx leveraged evidence-preserving
gating to anchor receptive-field expansion on raw intensity and gradient cues, thereby
suppressing crack-like background responses while maintaining the continuity of actual
crack structures. This demonstrated the advantage of our evidence-preserving design in
improving robustness against visually similar but irrelevant patterns.

Image XYWNet RHACrackNetProposedTarget

Figure 11. Qualitative comparison of segmentation outputs on the Masonry dataset. Compared to
lightweight baselines XYWNet and RHACrackNet, the proposed EP-REx better suppresses crack-like
background patterns (e.g., brick seams and surface textures) while preserving true crack structures.
White denotes true positives, red denotes false negatives, and green denotes false negatives.

To further validate the contribution of MSDB and IG-Gate in expanding the receptive
field, we provide qualitative comparisons in Figure 12. The baseline corresponds to the
ablation setting in which both MSDB and IG-Gate were removed. In the first row, the
baseline failed to capture fine cracks on dark tiles, whereas the proposed model detected
them more continuously. In the second row, when handling complex branching cracks, the
proposed model suppressed false positives and better preserved elongated structures. In
the third row, for thin cracks on brick textures, the proposed model reduced background
noise and maintained sharper boundaries. In the fourth row, which includes wide cracks
with irregular shapes, the proposed model more accurately delineated crack regions with
fewer missing parts. These comparisons demonstrate that MSDB and IG-Gate improved
crack continuity and robustness across different scenarios.
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Figure 12. Qualitative comparison of segmentation results between the proposed model and the
baseline in ablation. From left to right: input image, ground truth, proposed model, and baseline
(IG-Gate and MSDB removed). White denotes true positives, red denotes false negatives, and green
denotes false negatives. The proposed model detects cracks more continuously on dark tiles (row 1),
suppresses false positives on branching cracks (row 2), reduces noise and sharpens boundaries on
brick textures (row 3), and delineates wide irregular cracks more accurately (row 4).

5. Conclusions
In this paper, we present EP-REx, a crack segmentation network that combines multi-

scale dilated depthwise convolutions with an input-guided gate to efficiently expand
receptive fields while preserving critical evidence from the input. Through extensive
experiments on six benchmark datasets, EP-REx consistently achieved the highest accuracy.
Although our models do not yield the lowest FLOPs among compact baselines, they provide
a balanced design between accuracy and computational cost. EP-REx achieves a balanced
design, combining strong accuracy with computational efficiency.

Despite its favorable balanced accuracy–cost design, one limitation is the computa-
tional cost in terms of FLOPs. While our Small variant achieves superior accuracy and
parameter efficiency compared to RHACrackNet, its FLOPs remain higher, partly due
to the parallel dilated convolution structure in the MSDB. Although this design is cen-
tral to achieving strong accuracy, future work should explore additional optimizations
to further reduce computational overhead. Moreover, while EP-REx generally achieves
higher segmentation accuracy than existing methods, in some cases, the improvement
margin is modest (e.g., within 0.01–0.02 IoU), suggesting that practical gains may depend
on the deployment scenario. In addition, our study adopted simple data augmentation
strategies (e.g., flipping and rotation), and exploring morphology-oriented augmentations
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tailored to crack structures remains an important direction for future research. Finally,
while EP-REx demonstrates favorable accuracy–efficiency characteristics, we acknowledge
that real-world deployment tests on edge devices, such as drones or mobile robots, were
not conducted in this study, and validating runtime performance on physical hardware
remains an important direction for future research.
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