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Abstract 

Accurate pavement crack segmentation is essential for structural health monitoring, yet 

existing methods often face a trade-off between segmentation accuracy and computational 

efficiency. To address this issue, a novel teacher–student framework, termed RTCS-T and 

RTCS-S, is proposed. The teacher network RTCS-T is constructed based on the Swin 

Transformer to capture long-range dependencies and multi-scale contextual information. 

To further enhance crack representation, a strip refinement module is introduced to model 

directional structural features, while a cascaded atrous spatial pyramid pooling module 

is employed to improve multi-scale feature aggregation. Based on the teacher network, a 

lightweight student model RTCS-S is developed by using depthwise separable convolu-

tions to achieve efficient inference. In addition, a foreground-aware and boundary-aware 

knowledge distillation strategy is introduced to guide the transfer of structural and con-

textual information from the teacher to the student. Experiments on the Crack500, 

DeepCrack, and CFD datasets demonstrated competitive performance against representa-

tive segmentation models. On CFD, RTCS-S achieved an F1 Score of 0.7514 and an mIoU 

of 0.7962. Notably, RTCS-S required only 1.82 M parameters and 1.13 GFLOPs and 

achieved a model inference speed of 680 FPS on an RTX 4090 GPU. When deployed on an 

RDK X5 edge-computing platform, the complete pipeline achieved an end-to-end 

throughput of 34 FPS, with an average latency of approximately 29.4 ms and peak 

memory consumption of 1.8 GB. These results demonstrate that the proposed framework 

provides an efficient solution for automated pavement crack detection and shows strong 

potential for practical road inspection applications. 

Keywords: pavement crack segmentation; lightweight framework; knowledge distillation; 

real-time detection; deep learning 

 

1. Introduction 

Pavement cracks are among the most common and representative forms of defects 

in road infrastructure. If not detected and repaired promptly, they may gradually propa-

gate under repeated traffic loading and environmental effects, eventually leading to struc-

tural degradation, reduced service life, and increased maintenance costs. Therefore, accu-

rate and efficient pavement crack segmentation is essential for structural health monitor-

ing of transportation infrastructure [1]. 
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Manual crack detection is labor-intensive, time-consuming, and costly, while its ac-

curacy is highly dependent on the experience and attentiveness of inspectors. To over-

come these limitations, researchers are increasingly interested in image processing tech-

nology. Early representative studies explored a variety of traditional image processing 

strategies for crack segmentation. Oliveira and Correia [2] developed a threshold-based 

crack segmentation framework that combined image preprocessing with dynamic thresh-

olding to identify dark crack pixels in pavement images, thereby improving automatic 

crack detection under varying imaging conditions. Abdel-Qader et al. [3] investigated 

edge-based crack identification by comparing several edge detection operators, including 

Sobel [4] and Canny [5]. Yamaguchi et al. [6] proposed a method for crack segmentation 

on real concrete surfaces, which improved crack extraction by reducing background noise 

interference. In addition, Serra [7] systematically established the theoretical foundation of 

mathematical morphology, which later became an important tool for image filtering, 

shape analysis, and crack enhancement in surface defect detection tasks. Although these 

methods are relatively simple and easy to implement, their performance is often sensitive 

to illumination variation, stains, shadows, noise, and complex pavement textures [8]. In 

practical scenarios, crack patterns usually exhibit thin, elongated, tortuous, and some-

times discontinuous structures, while the contrast between crack regions and background 

may be weak. Under these conditions, conventional methods often struggle to achieve 

accurate crack extraction. 

In recent years, deep learning-based crack segmentation has attracted increasing at-

tention due to its ability to provide more robust segmentation results in noisy environ-

mental conditions. Long et al. [9] proposed the fully convolutional network (FCN), which 

established an end-to-end framework for dense pixel-wise prediction and became a mile-

stone in modern semantic segmentation. Ronneberger et al. [10] introduced U-Net, whose 

encoder–decoder architecture with skip connections significantly improved localization 

accuracy. Badrinarayanan et al. [11] proposed SegNet, which used pooling indices for de-

coder upsampling, thereby improving encoder–decoder segmentation efficiency. Zhao et 

al. [12] further introduced PSPNet to strengthen global contextual aggregation through 

pyramid pooling. In parallel, Chen et al. [13] developed the DeepLab series, which used 

atrous convolution and atrous spatial pyramid pooling (ASPP) to enlarge receptive fields 

and model multi-scale context, while DeepLabv3+ [14] further improved boundary recov-

ery through an encoder–decoder design. More recently, Qin et al. [15] further introduced 

CrackMambaNet, a U-shaped network with a dual-branch encoder and adaptive feature 

fusion, in which visual state space blocks were employed to capture global contextual 

dependencies while a CNN branch was used to preserve fine-grained local details. Sun et 

al. [16] proposed CCBG-Net, which enhances crack representation through bidirectional 

cross-layer context fusion and a boundary-guided interaction module, thereby improving 

the segmentation of thin cracks and low-contrast boundaries. 

The emergence of Transformer architectures has further advanced crack segmenta-

tion research by providing a more effective mechanism for modeling long-range depend-

encies and global contextual interactions. Vaswani et al. [17] introduced the Transformer 

architecture, establishing an attention-based framework for sequence modeling. Building 

on this idea, Dosovitskiy et al. [18] introduced the Vision Transformer (ViT), demonstrat-

ing that images can be represented as sequences of patches for visual representation learn-

ing. To better adapt Transformers to dense prediction tasks, Liu et al. [19] developed the 

Swin Transformer, which employs hierarchical feature representation and shifted-win-

dow self-attention to achieve a more favorable balance between contextual modeling ca-

pability and computational complexity. Inspired by these advances, Transformer-based 

designs have gradually been introduced into pavement crack detection and segmentation. 

For example, Guo et al. [20] proposed a Transformer-based network for pavement crack 
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detection, showing improved capability in capturing complex crack patterns under chal-

lenging background conditions. In addition, Wang et al. [21] developed SwinCrack, which 

integrates convolutional operations with the Swin Transformer to further enhance crack 

continuity representation and suppress background interference. Despite their promising 

performance, however, Transformer-based crack segmentation models usually involve 

relatively high computational complexity and large model size, which may limit their 

practical deployment on resource-constrained devices. 

In parallel with the pursuit of higher segmentation accuracy, lightweight crack anal-

ysis has also attracted increasing attention. In practical applications, crack inspection sys-

tems are often expected to operate on mobile devices, embedded platforms, or edge hard-

ware with limited computational resources. To meet this demand, a series of lightweight 

visual backbones, such as MobileNet [22], ShuffleNet [23], and EfficientNet [24], have been 

introduced into dense prediction tasks. Their core idea is to reduce model complexity 

through efficient convolutional design, channel optimization, or depthwise separable op-

erations. For example, Liang et al. [25] proposed PCSNet, which combines a lightweight 

CNN backbone with multi-scale context modeling; Dong et al. [26] developed LPCD-Net 

to improve crack representation through progressive fusion and attention mechanisms; 

and Zim et al. [27] introduced EfficientCrackNet, which integrates depthwise separable 

convolutions with MobileViT blocks for efficient crack segmentation. Although such light-

weight architectures can significantly improve inference speed and reduce memory con-

sumption, their representation capability is often insufficient for handling subtle crack 

boundaries, discontinuous crack branches, and low-contrast crack regions. As a result, 

lightweight crack segmentation still faces a challenging trade-off between computational 

efficiency and segmentation accuracy. 

Beyond conventional CNN backbones, lightweight Vision Transformers such as Mo-

bileViT [28] seek to combine global receptive fields with mobile-friendly computation. 

Foundation segmentation models, exemplified by the Segment Anything Model (SAM) 

[29], offer strong promptable segmentation capability, and lightweight derivatives such 

as MobileSAM [30] further demonstrate how knowledge distillation can substantially re-

duce encoder cost for mobile use. Nevertheless, these general-purpose models are not tai-

lored to the extremely sparse foreground, thin topology, low contrast, and pixel-level 

boundary fidelity required by pavement-crack segmentation; their computational de-

mand and prompt-dependent workflow also limit straightforward on-device use. 

Knowledge distillation (KD) provides a complementary route for transferring the 

representational capacity of a large model to a compact model [31]. For semantic segmen-

tation, existing KD approaches have progressed from pixel-wise supervision to the trans-

fer of pairwise and holistic structural relations [32]. In crack analysis, Fan et al. [1] pre-

sented a lightweight concrete bridge-crack image-recognition method based on KD. How-

ever, that study addresses image-level recognition rather than dense road-pavement crack 

segmentation and therefore does not directly address the preservation of thin crack 

boundaries, discontinuous branches, or spatial crack topology. More recently, Zhang et al. 

[33] proposed a real-time pavement crack measurement framework for edge deployment, 

combining a lightweight distillation network with surface-feature measurement. Their 

IHD module integrated feature-based and relation-based distillation using crack instance 

information. Crack width and length were then estimated through distance mapping and 

edge-coordinate extraction using a mobile robot equipped with an edge-computing unit. 

More broadly, conventional KD losses can be dominated by background pixels in crack 

images, making indiscriminate feature or logit transfer insufficient for the highly imbal-

anced, boundary-sensitive segmentation setting considered here. 

Recent advances in edge artificial intelligence (edge AI) are shifting deep-learning 

inference from remote cloud servers to embedded devices located close to the data source 
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[34]. For pavement inspection, local processing can reduce data-transmission demands 

and communication latency, thereby supporting timely analysis of continuously acquired 

road images. However, practical deployment remains constrained by the limited compu-

ting capability, memory capacity, and energy budget of edge hardware. Recent studies 

therefore emphasize the joint use of lightweight architecture design, model compression 

techniques such as knowledge distillation, hardware acceleration, and device-level eval-

uation [35]. In this context, parameter count, FLOPs, and inference speed measured on 

desktop GPUs alone are insufficient to characterize the performance of a complete embed-

ded crack-segmentation pipeline, particularly in terms of latency, memory consumption, 

and end-to-end throughput. This gap motivates the development of lightweight crack-

segmentation models that preserve crack structures and boundaries while being validated 

through end-to-end inference on resource-constrained edge platforms. 

Consequently, although prior work has improved either contextual representation, 

model compactness, or knowledge transfer, existing methods do not sufficiently address 

these requirements jointly: modeling diverse crack morphologies, preserving fine bound-

aries and structural continuity, and transferring task-relevant knowledge to an efficient 

student suitable for edge deployment. 

To overcome the above limitations, a teacher–student crack-segmentation frame-

work, RTCS-T and RTCS-S, is proposed in this study. RTCS-T is constructed as a Swin 

Transformer-based teacher network to learn discriminative multi-scale crack representa-

tions. To characterize the directional and elongated morphology of pavement cracks, a 

strip refinement module (SRM) is introduced to enhance directional feature modeling and 

crack continuity. A cascaded atrous spatial pyramid pooling (CASPP) module is further 

used to strengthen multi-scale contextual aggregation and inter-scale information interac-

tion. Based on the teacher network, the lightweight student network RTCS-S employs 

depthwise separable convolutions and a hierarchical encoder–decoder architecture to re-

duce computational complexity. Finally, a foreground-aware and boundary-aware KD 

strategy is designed to prioritize crack regions, boundary details, and structural continu-

ity during teacher-to-student transfer. Thus, the proposed framework is designed to 

jointly improve morphology-aware representation, boundary preservation, and efficient 

knowledge transfer for practical pavement-crack segmentation. The main contributions 

of this paper are as follows: 

1. A Swin Transformer-based teacher network, RTCS-T, is proposed for pavement crack 

segmentation, in which SRM and CASPP are incorporated to enhance crack-specific fea-

ture representation through directional refinement and multi-scale contextual modeling. 

2. A lightweight student network, RTCS-S, is developed based on depthwise separable 

convolutions and a hierarchical encoder–decoder architecture, enabling efficient 

crack segmentation with low computational cost. 

3. A foreground-aware and boundary-aware knowledge distillation framework is pro-

posed to transfer discriminative structural knowledge from the teacher network to 

the student network, with particular emphasis on crack regions, boundary details, 

and structural continuity. 

4. Extensive experiments on three public crack segmentation datasets demonstrate that 

the proposed framework achieves a favorable balance between segmentation accu-

racy and computational efficiency, indicating its potential for practical structural 

health monitoring applications. 

The remainder of this paper is organized as follows. Section 2 presents the proposed 

framework, including the network architectures and the knowledge distillation strategy. Sec-

tion 3 describes the datasets, experimental settings, and evaluation metrics. Section 4 reports 

and discusses the experimental results, followed by an analysis of the proposed method’s lim-

itations. Section 5 concludes the paper and suggests possible directions for future work. 
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2. Methodology 

2.1. Overall Structure of Teacher Network 

In this paper, a novel crack segmentation framework, RTCS-T, is designed as the 

teacher network for knowledge distillation. As illustrated in Figure 1, the proposed frame-

work follows an encoder–decoder architecture. Specifically, the encoder is constructed 

based on the Swin Transformer, which hierarchically extracts multi-scale feature repre-

sentations across four stages. To enhance feature representation capability, the SRMs are 

introduced to refine contextual information within each stage. Meanwhile, a CASPP mod-

ule is employed to further aggregate multi-scale contextual features through atrous con-

volutions with different receptive fields. During the decoding process, the encoded fea-

ture maps are progressively fused with the corresponding high-resolution features from 

the encoder through skip connections to recover spatial details and generate the final 

crack segmentation mask. The important components of the proposed network are de-

scribed in detail in the following subsections. 

 

Figure 1. The overall structure of the teacher model RTCS-T. 

2.1.1. Swin Transformer Block 

To model long-range dependencies in crack images, RTCS-T employs a customized 

lightweight hierarchical encoder derived from the Swin Transformer (tiny version), as il-

lustrated in Figure 1. The raw crack image with the dimension of (224, 224, 3) is partitioned 

into non-overlapping patches in the patch partition layer. Each patch with a size of 4 4  

pixels are flattened along the channel dimensions to form a feature vector. Consequently, 

each patch contains 4 4 3 48  =  dimensions. Therefore, the input image is transformed 

from (224, 224, 3) to (56, 56, 48). Subsequently, a linear embedding layer is employed to 

project the flattened patch features into a feature representation. In the original Swin 

Transformer, this process yields a feature map of size (56, 56, 96). However, since pave-

ment cracks usually present thin and elongated structures, such a representation may not 

be sufficiently effective in preserving fine spatial details at the early stage. To address this 

issue, the feature map is reformulated as (112, 112, 24) in the proposed framework. Nota-

bly, although the total number of feature elements remains unchanged, this transfor-

mation reallocates part of the representation from the channel dimension to the spatial 

dimension, thereby generating a higher-resolution feature map for subsequent pro-

cessing. As a result, more detailed structural information of crack regions can be 
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preserved, which is beneficial for fine-grained crack segmentation while maintaining a 

reasonable computational burden. The resulting feature map is then processed by the 

Swin Transformer block for further feature extraction. In each encoder stage, the Swin 

Transformer block performs attention-based feature extraction while keeping the spatial 

resolution and channel dimension unchanged. Therefore, the output of the first stage re-

mains (112, 112, 24). 

From the second stage, the patch merging operation halves the spatial resolution of the 

feature map from the previous stage while doubling the channel dimension. Thus, the output 

feature maps of stages 2, 3, and 4 are (56, 56, 48), (28, 28, 96), and (14, 14, 192), respectively. 

The structure of the Swin Transformer block can be seen in Figure 2, including the 

multi-head self-attention (MSA), the multiple layer perceptron (MLP), and the layer nor-

malization (LN). It should be noted that the standard Transformer is limited in dense pre-

diction and high-resolution image tasks due to the expensive computational cost of global 

self-attention in MSA. To address this issue, the Swin Transformer adopts the window-

based multi-head self-attention (W-MSA) mechanism, in which self-attention is computed 

within non-overlapping local windows rather than over the entire feature map. In this 

manner, the computational burden is significantly reduced. Nevertheless, W-MSA still 

suffers from limited information interaction across different windows, since each window 

is processed independently. As a result, the dependency modeling across window bound-

aries may be insufficient. Hence, shifted window-based multi-head self-attention (SW-

MSA) is further proposed. By introducing a shifted-window partitioning scheme across 

consecutive blocks, SW-MSA establishes connections among neighboring windows and 

thereby enhances cross-window information exchange without substantially increasing 

computational complexity. 

 

Figure 2. The structure of the Swin Transformer block. 

As illustrated in Figure 3, the left side shows the regular non-overlapping window 

partitioning used in W-MSA, where self-attention is computed independently within each 

local window. In contrast, the right side represents the shifted window partitioning 

scheme used in SW-MSA, in which the window configuration is shifted with respect to 

that in W-MSA. Through this shifted windowing scheme, cross-window connections can 

be established among neighboring non-overlapping windows, thereby enhancing infor-

mation exchange across window boundaries. The computational procedure of each Swin 

Transformer block is described in Equations (1)–(4). 

( )( )1 1ẑ W-MSA LN z zl l l− −= +  (1) 

( )( )ˆ ˆz MLP LN z zl l l= +  (2) 

( )( )1ẑ SW-MSA LN z zl l l+ = +  (3) 
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( )( )1 1 1ˆ ˆz MLP LN z zl l l+ + += +  (4) 

where ẑl  denotes the output feature maps of the W-MSA module. 
1ẑl+  represents the 

output feature maps of the SW-MSA module. zl  and 
1zl+  are the output feature maps 

of MLP. The number of Swin Transformer blocks in Stages 1–4 is 2, 2, 6, and 2, respec-

tively. 

 

Figure 3. The illustration of shifted window operation. 

2.1.2. Strip Refinement Module 

Most existing crack feature extraction methods mainly rely on convolutional opera-

tors, multi-scale context aggregation, and Transformer-based architectures to improve the 

representation of crack regions. Nevertheless, these methods are generally designed for 

general visual structures and lack explicit modeling of the distinctive morphology of 

pavement cracks. Pavement cracks typically exhibit slender, elongated, and direction-sen-

sitive structures. Since standard convolution kernels aggregate information within iso-

tropic square neighborhoods, they are less effective for describing such anisotropic and 

topology-sensitive structures. As a result, thin crack branches and disconnected crack seg-

ments are often insufficiently represented, which limits the structural continuity of crack 

segmentation. Inspired by strip pooling [36], as shown in Figure 4, the SRM is proposed 

to enhance morphology-aware crack representation. The key idea of SRM is to introduce 

strip-shaped receptive fields to refine feature responses along specific spatial directions, 

thereby enhancing directional continuity and improving the representation of elongated 

crack structures. 
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Figure 4. The structure of the SRM. 

Specifically, the proposed SRM adopts a multi-branch architecture consisting of two 

directional strip branches and one local detail branch. Unlike the method in strip pooling, 

which focuses on directional feature modeling, SRM introduces an additional local branch 

to mitigate the potential loss of fine-grained details caused by strip pooling and to better 

preserve crack structures. Given an input feature map 
H W CF   , the horizontal branch 

applies a strip convolution with a kernel size of 1 k  to extract horizontally distributed 

contextual feature maps, while the vertical branch employs a strip convolution with a ker-

nel size of 1k   to capture directional feature maps along the vertical direction. In addi-

tion, a local branch with a 3 3  depthwise convolution is introduced to preserve local 

texture information. The outputs of the three branches can be formulated as: 

1Conv ( )h kF F=  (5) 

1Conv ( )v kF F=  (6) 

3 3Conv ( )lF F=  (7) 

where hF , vF , and lF  denote the horizontal, vertical, and local feature maps, respec-

tively. These feature maps are concatenated along the channel dimension and then com-

pressed by a 1 1  convolution to produce the fused feature, which can be expressed as: 

1 1Conv ([ ; ]);s h v lF F F F=  (8) 

where [  ;   ;  ]    denotes channel-wise concatenation. Finally, the fused feature is further 

refined by a spatial attention mechanism. The final output outF  is computed as: 

( )( )out Scale , sF F F=  (9) 

where   represents a sigmoid function, and ( )Scale ,    is element-wise multiplication. 

It should be noted that SRM is designed for directional feature extraction and refinement, 

without changing the spatial resolution or channel dimension of the input feature map. 

To ensure consistency with the feature size required by each stage of the Swin Trans-

former encoder, a 3 3  depthwise convolution is applied in advance to adjust the spatial 

resolution and channel dimension of the input feature map. In addition, the strip convo-

lution kernels in the two directional branches are set to 1 5  and 5 1 , a stride of 1, and 

zero-padding sizes of (0, 2) and (2, 0), respectively. All convolutions in SRM are followed 
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by batch normalization and ReLU activation. The channel number is set to 24, 48, 96, and 

192 in the four encoder stages, respectively. 

2.1.3. Cascaded Atrous Spatial Pyramid Pooling 

In semantic segmentation tasks, the effective extraction of multi-scale contextual in-

formation is crucial for accurate dense prediction. Since target structures may vary signif-

icantly in scale and morphology, relying on a single receptive field often makes it difficult 

to capture both local details and global semantic dependencies simultaneously. To ad-

dress this issue, atrous spatial pyramid pooling (ASPP) was introduced as a representative 

multi-scale context modeling strategy. By utilizing parallel atrous convolutions with dif-

ferent dilation rates, ASPP enlarges the receptive field without reducing the spatial reso-

lution, thereby enabling the network to aggregate contextual information under multiple 

scales. However, although ASPP is capable of capturing multi-scale context, its independ-

ent branches and sparse sampling at large dilation rates make it less effective at preserving 

the fine continuity and subtle details of thin, tortuous, and discontinuous crack patterns. 

To overcome the above limitations, the CASPP module is introduced, as depicted in 

Figure 5. Unlike conventional ASPP, which employs multiple independent atrous 

branches in parallel, the proposed CASPP adopts a cascaded context modeling strategy. 

Specifically, several atrous convolutions with progressively increasing dilation rates are 

connected sequentially, allowing contextual features captured at smaller receptive fields 

to be further propagated across branches with larger receptive fields. In addition, residual 

summation is incorporated between adjacent atrous stages, so that the original input con-

text can be continuously injected into deeper atrous branches. 

 

Figure 5. The overview of the conventional ASPP and the proposed CASPP. 

Specifically, CASPP consists of four components: a 1 1  convolution branch for local 

feature preservation, a cascaded atrous convolution branch with dilation rates of 2, 4, and 6, 

a global average pooling branch for contextual encoding, and a final fusion layer for feature 

integration. The dilation rates of 2, 4, and 6 were selected according to the spatial resolution 

of the deepest encoder feature map and the complementary roles of the CASPP branches. 

CASPP operates on a feature map with a spatial resolution of 14 14 . For a 3 3  convo-

lution, dilation rates of 2, 4, and 6 correspond to individual effective sampling spans of 5 5

, 9 9 , and 13 13 , respectively. This progressively increasing configuration provides 

multi-scale contextual information, while keeping the largest sampling span compatible 

with the spatial extent of the input feature map. Using substantially larger dilation rates at 

this resolution would cause an increasing proportion of the sampling positions to fall out-

side the valid feature region, thereby reducing effective contextual utilization. In addition, 
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because the 1 1  convolution and global average pooling branches already encode local 

and global information, respectively, the three atrous stages are mainly used to provide 

complementary intermediate-scale representations. Therefore, the rates of 2, 4, and 6 pro-

vide a balanced transition from local structural details to broader contextual dependencies. 

All convolutions in CASPP are followed by batch normalization and ReLU activation. The 

module receives a 14 14  feature map with 192 channels and produces an output with 

the same spatial resolution and channel dimension. The 1 1  convolution branch and each 

atrous convolution produce 192-channel features. The three atrous convolutions use a stride 

of 1 and padding sizes of 2, 4, and 6, respectively, thereby preserving the spatial resolution. 

The global feature is also projected to 192 channels. Finally, the five 192-channel features are 

concatenated into 960 channels and projected back to 192 channels through the final 1 1  

convolution. Given an input feature map 
H W CF   , the output of the 1 1  convolution 

branch is defined as follows: 

1 1 1 1Conv ( )F F =  (10) 

For the cascaded atrous convolution branch, three 3 3  atrous convolutions with di-

lation rates of 2, 4, and 6 are sequentially employed. The first feature map is obtained as: 

1 2Conv ( )dF F==  (11) 

where 2Conv ( )d=   denotes a 3 3  atrous convolution with dilation rate 2. Then, the first 

feature map 1F  is added to the original input feature F  through residual summation, 

and the resulting feature map is fed into the second atrous convolution to obtain 2F . The 

process can be expressed as follows: 

1 1F̂ F F= +  (12) 

2 4Conv ( )dF F==  (13) 

where 4Conv ( )d=   denotes a 3 3  atrous convolution with dilation rate 4. Similarly, the 

detailed formulation of the third feature map is described as follows: 

2 2F̂ F F= +  (14) 

63 Conv ( )dF F==  (15) 

where 6Conv ( )d=   denotes a 3 3  atrous convolution with dilation rate 6. In this way, 

the cascaded atrous convolution branch progressively enlarges the receptive field while 

repeatedly injecting the original input feature map into each stage. This helps preserve 

structural details and facilitates more stable multi-scale feature propagation. 

The output of the global average pooling branch is formulated as follows: 

AvgPool 1 1Up(Conv (Avg( )))F F=  (16) 

where Avg( )   denotes global average pooling and Up( )   denotes bilinear upsampling. 

Finally, the feature maps of all branches are concatenated and fused by a 1 1  convolu-

tion, which can be expressed as: 

CASPP 1 1 1 1 1 2 3 AvgPoolConv ([ ; ; ; ; ])F F F F F F =  (17) 

where CASPP

H W CF   . 

The proposed CASPP module not only preserves the multi-scale contextual model-

ing capability of ASPP, but also enhances inter-scale information interaction through 
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cascaded atrous convolutions, thereby providing more detailed representations for fine-

grained, discontinuous and complex crack structures. 

2.2. Overall Structure of Student Network 

In knowledge distillation, the structural relationship between the teacher network 

and the student network has an important influence on the learning efficiency and final 

performance of the student network. Therefore, when designing the teacher network and 

student network, it is necessary to ensure that they have a certain structural similarity to 

facilitate effective knowledge transfer. Meanwhile, an appropriate structural difference is 

also necessary to preserve the diversity of knowledge distillation. For this reason, a Swin 

Transformer-based encoder–decoder network, RTCS-T, is adopted as the teacher model, 

whereas a lightweight convolutional encoder–decoder network, RTCS-S, is designed as 

the student model. 

The overall framework of RTCS-S is shown in Figure 6. RTCS-S adopts a lightweight 

hierarchical encoder–decoder architecture for crack segmentation. Specifically, the en-

coder consists of four stages, each formed by a feature extraction module composed of a 

depthwise separable convolution ( 3 3   depthwise + 1 1   pointwise) followed by an 

SRM. Through progressive downsampling, the feature maps are encoded into four levels 

with resolutions and channel dimensions of (112, 112, 24), (56, 56, 48), (28, 28, 96), and (14, 

14, 192), respectively. Then, a CASPP module is employed to enhance multi-scale contex-

tual representation on the deepest feature map. Subsequently, the decoder progressively 

restores the spatial resolution in a stage-wise manner by fusing the high-level semantic 

features with the corresponding encoder features via skip connections. Finally, the refined 

feature map is fed into the segmentation head to produce the crack prediction mask. 

 

Figure 6. The overall structure of the student model RTCS-S. 

2.3. Knowledge Distillation Method 

To effectively transfer discriminative crack representations from the teacher network 

to the lightweight student network, we propose a foreground-aware and boundary-aware 

knowledge distillation (FBKD) framework. Inspired by instance-aware hybrid distillation 

(IHD) [33], which integrates feature-based and relation-based distillation, our FBKD 

framework is specifically streamlined for crack segmentation by focusing on critical fore-

ground and boundary information. 

As illustrated in Figure 7, RTCS-T is employed as the teacher network, and RTCS-S 

serves as the lightweight student network. Knowledge transfer is performed on the output 
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feature maps of the four feature extraction stages, the CASPP output feature, and the final 

predicted crack mask. Let 
T

iF  and ( )1,2,3,4S

iF i =  denote the stage-wise feature maps 

of RTCS-T and RTCS-S, respectively, 
T

CF  and 
S

CF  represent the output feature maps of 

CASPP, and 
TP  and 

SP  denote the final crack probability maps. To emphasize crack-

relevant regions during knowledge transfer, a foreground-aware and boundary-aware 

weighting map is constructed as follows: 

1 2W Y B = +  (18) 

where Y   denotes the ground-truth crack mask, B   represents the corresponding 

boundary map extracted from Y , and 1  and 2  are weighting coefficients that con-

trol the contributions of the foreground and boundary regions, respectively. Since the 

boundary region usually contains finer structural details and is more difficult to segment 

accurately, 2  can be set larger than 1 . The boundary map B  is obtained by the mor-

phological gradient of Y , and the process can be expressed as follows: 

Dilate( ) Erode( )B Y Y= −  (19) 

where Dilate( )  and Erode( )  denote the morphological dilation and erosion operations, 

respectively. The weighting map is subjected to a simple min–max normalization to obtain 

the final weighting mask ˆ [0,1]H WW  , where H and W denote the spatial dimensions of 

the ground-truth mask. For each distilled feature map, Ŵ  is further resized to the cor-

responding spatial resolution, yielding ˆ [0,1] i iH W

iW


 . In this way, knowledge transfer is 

concentrated on crack body regions and boundary details rather than on irrelevant back-

ground. The feature distillation loss is imposed on the four stage-wise feature maps and 

the CASPP feature map as follows: 

( ) ( )
4 2 2

feat
F F

1

ˆ ˆS T S T

i i i i c c c c

i

L F F W F F W 
=

= − + −   (20) 

where i   and c   are balancing coefficients. To reflect the increasing semantic im-

portance of deeper representations, i   and c   are empirically set as 1 0.10 =  , 

2 0.15 = , 3 0.20 = , 4 0.25 = , and 0.30c =  in our experiments. 

In addition to local feature imitation, spatial relation distillation is introduced to pre-

serve the structural continuity of cracks. Spatial relation distillation is applied exclusively 

to the CASPP feature, as it captures the most comprehensive multi-scale contextual infor-

mation while maintaining a relatively low spatial resolution. The weighted teacher and 

student feature maps are obtained as follows: 

 ˆ ˆ,T T S S

c c c c c cF F W F F W= =  (21) 

After reshaping them into N C  matrices, where N H W=  , the spatial relation 

matrices are computed as follows: 

( ) ( )ˆ ˆ ˆ ˆNorm ( ) , Norm ( )T T T S S S

c c c cR F F R F F= =
 (22) 

and the relation distillation loss is defined as: 
2

rel F

S TL R R= −  (23) 

This term enables RTCS-S to mimic the structural dependency encoded by RTCS-T, 

thereby improving the continuity and integrity of segmented crack patterns. 

To further transfer the refined prediction behavior of the teacher, an output distilla-

tion loss is introduced on the final probability maps: 
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( )
2

out
F

ˆS TL P P W= −   (24) 

The feature, spatial relation, and output distillation losses complement the hard su-

pervision from the ground-truth labels and are particularly beneficial for ambiguous crack 

boundaries and low-contrast crack regions. The hard supervised segmentation loss of 

RTCS-S is defined as: 

seg bce dice(1 )L L L = + −  (25) 

where bceL  and diceL  denote the binary cross-entropy loss and Dice loss, respectively, 

and   represents the weight assigned to the two loss functions, with a range between 0 

and 1. The segmentation loss segL  is also used as the loss function for training RTCS-T. 

Finally, the overall loss function of FBKD is formulated as: 

total seg feat rel outL L L L L  = + + +  (26) 

where  ,   and   are trade-off coefficients. Gou et al. [37] categorized the knowledge 

transferred in knowledge distillation as response-based, feature-based, and relation-

based, which provide complementary supervision to the student network. Consistent 

with this categorization, the proposed FBKD framework uses feature distillation as the 

principal knowledge-transfer component because it directly aligns the multi-scale inter-

mediate representations of RTCS-T and RTCS-S. Therefore,   is set to 1. Spatial relation 

distillation and output distillation provide complementary constraints on crack-structure 

dependency and final prediction behavior, respectively.   and   are both set to 0.5 to 

preserve these complementary forms of knowledge while preventing the auxiliary objec-

tives from excessively constraining the optimization of the lightweight student network. 

The same coefficients are fixed across all datasets and experiments to maintain a consistent 

training configuration and avoid dataset-specific adjustment. 

 

Figure 7. The overall structure of the knowledge distillation method. 
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3. Experiments 

3.1. Experimental Setting 

Hardware equipment: The proposed methods were evaluated on a desktop work-

station equipped with an NVIDIA GeForce RTX 4090 GPU with 24 GB of memory, run-

ning Ubuntu 18.04, CUDA 11.2, and cuDNN 8.7.0. For a fair comparison, all segmentation 

frameworks involved in this study were reimplemented in PyTorch 2.0.1 under the same 

experimental settings. 

Hyperparameters: All models were trained under the same training conditions to ensure 

that the performance differences were entirely attributed to the model architecture rather than 

external factors. Specifically, the batch size was set to 2, the initial learning rate was set to 
31 10− , and the maximum number of training epochs was fixed at 100. The optimizer was 

configured as Adam, with 1 0.9 = , 2 0.999 = , and a weight decay of 42 10− . 

3.2. Datasets 

To evaluate the effectiveness of the proposed models, experiments were performed on 

three publicly available pavement crack segmentation datasets, including Crack500, [38] 

DeepCrack, [39] and CFD [40]. For Crack500 and DeepCrack, the original dataset settings 

were adopted, while CFD was randomly divided into training, validation, and test sets at a 

ratio of 7:1:2, respectively. Moreover, for ablation analysis, 15% of the images were ran-

domly sampled from each dataset to construct a dedicated ablation dataset for comparative 

experiments. Considering the limited availability of annotated samples, data augmentation 

was adopted in accordance with common practice in existing studies. Specifically, flipping, 

shifting, and rotation were applied to enlarge the training set, and both the original and 

augmented images were used during training. Furthermore, all input images were resized 

to a uniform resolution of 224 × 224 pixels, with pixel intensities normalized to the range of 

[0, 1], thereby improving training stability and facilitating faster convergence. 

3.3. Evaluation Metrics 

To comprehensively and objectively assess the performance of different models, four 

widely used evaluation metrics in crack segmentation are adopted in this study: Precision, 

Recall, F1 Score, and binary mean intersection over union (mIoU). These metrics provide 

a quantitative evaluation of the agreement between the predicted results and the ground 

truth, with higher values indicating better segmentation performance. The mathematical 

formulations are expressed as follows: 

TP
Precision

TP FP
=

+
 (27) 

TP
Recall

TP FN
=

+
 (28) 

2 Precision Recall
F1 Score

Precision Recall
 

 
=

+
 (29) 

1 TP TN
mIoU

2 TP FP FN TN FP FN

 
= + 

+ + + + 
 (30) 

3.4. Compared Methods 

To further evaluate the performance of RTCS-T and RTCS-S, ten representative seg-

mentation models were selected as comparison baselines, covering different architectural 

paradigms and levels of computational complexity. The five non-lightweight models 

https://doi.org/10.3390/app16157848


Appl. Sci. 2026, 16, 7848 15 of 31 
 

https://doi.org/10.3390/app16157848 

included U-Net, CT-CrackSeg [41], DTrC-Net [42], HoVer-UNet [43], and Hybrid-Seg [44], 

representing conventional encoder–decoder, convolution–Transformer, hybrid, and 

knowledge-distillation-based segmentation architectures. The five lightweight models in-

cluded EfficientNet, ShuffleNetV2, MobileNetV3, CarNet [45], and Crackmer [46]. Effi-

cientNet, ShuffleNetV2, and MobileNetV3 were selected as widely used lightweight vis-

ual backbones, whereas CarNet and Crackmer were included as compact models specifi-

cally developed for crack analysis. This combination enables a comprehensive comparison 

of segmentation performance and computational efficiency across general-purpose, crack-

specific, and lightweight architectures. 

Although HoVer-UNet was originally developed for multi-class cell-nuclei segmen-

tation rather than pavement crack segmentation, it was included as a cross-domain dense-

segmentation baseline because its U-Net-based knowledge-distillation framework per-

forms fine-grained pixel-level prediction and boundary delineation. These characteristics 

are also relevant to pavement crack segmentation, which requires accurate localization of 

thin structures and complex boundaries. All comparison models were trained and evalu-

ated using identical dataset partitions and training conditions. Each model was inde-

pendently trained ten times, and the results are reported as the mean ± standard deviation 

across the ten runs. 

4. Results 

4.1. Ablation Study 

4.1.1. Ablation Study of the Segmentation Loss Function 

The proportion of crack pixels to background pixels is usually very small. Assigning 

equal weights during loss calculation may cause the model to focus more on predicting 

background pixels while neglecting crack pixels, ultimately reducing segmentation accu-

racy. In this study, a hybrid loss function is used to effectively address the class imbalance 

problem and enhance the model’s ability to capture fine-grained crack features. As shown 

in Figure 8, compared to using a single loss function, the hybrid loss function demon-

strates superior performance in segmentation tasks with imbalanced data. 

 

Figure 8. Model performance with different  . 
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To further investigate the effectiveness of the combined binary cross-entropy and 

Dice loss for crack segmentation, the model performance was systematically evaluated 

under different weight ratios by varying the contribution of the two loss functions. The 

results show that when   was set to 0.2, the model achieved the best performance across 

all evaluation metrics. The hybrid loss function enabled the model to mitigate the severe 

class imbalance between crack and background pixels more effectively, thereby improv-

ing the completeness and continuity of crack segmentation tasks. 

4.1.2. Ablation Study of the Modules 

The ablation study was conducted to evaluate the validity of the proposed modules, 

i.e., SRM and CASPP. Four variants of RTCS-T were compared on the ablation dataset: 

(1) Base, which removes both SRM and CASPP; 

(2) RTCS-T w/o SRM; 

(3) RTCS-T w/o CASPP; 

(4) The complete RTCS-T, in which both SRM and CASPP are incorporated. 

The testing results under the evaluation metrics are shown in Table 1, all of which 

can be used to demonstrate the effectiveness of the proposed modules. The upward arrow 

(↑) indicates an improvement relative to the baseline, and the numerical value following 

the symbol denotes the magnitude of the increase in the corresponding metric. Specifi-

cally, when both modules were incorporated, the segmentation performance was signifi-

cantly improved, with Precision, Recall, F1 Score, and mIoU increasing by 4.19%, 6.20%, 

5.17%, and 3.43% on the ablation dataset. These results demonstrate that both SRM and 

CASPP are effective, and their combination yields the most favorable segmentation per-

formance. When the two modules are jointly employed, the network is able to simultane-

ously exploit local structural details and contextual feature maps, resulting in more accu-

rate and complete crack segmentation. Therefore, the ablation results fully validate the 

rationality and effectiveness of the proposed modules. 

Table 1. Ablation study for the effectiveness of the proposed modules on ablation dataset. 

Methods Precision Recall F1 Score mIoU 

Base 0.7148 0.7257 0.7202 0.7684 

RTCS-T w/o SRM 0.7303↑0.0155 0.7560↑0.0303 0.7429↑0.0227 0.7736↑0.0052 

RTCS-T w/o CASPP, 0.7547↑0.0399 0.7719↑0.0462 0.7632↑0.0430 0.7973↑0.0289 

the complete RTCS-T 0.7567↑0.0419 0.7877↑0.0620 0.7719↑0.0517 0.8027↑0.0343 

To further verify the effectiveness of the proposed SRM and CASPP modules, Grad-

CAM was used to qualitatively analyze the spatial attention distributions across different 

ablation variants. As shown in Figure 9, the activation map of the base model without 

SRM and CASPP is widely dispersed over the background region, indicating limited dis-

criminative capability in complex pavement textures. When only CASPP is introduced, 

the activation distribution becomes cleaner, suggesting that multi-scale contextual aggre-

gation helps suppress irrelevant background interference; however, the crack region is 

still not sufficiently emphasized. In contrast, the model with only SRM exhibits stronger 

responses to the crack structure, but also produces redundant activations in texture-rich 

regions, reflecting its high sensitivity to local directional patterns. By jointly introducing 

SRM and CASPP, the activation map becomes more concentrated on the crack region 

while background responses are effectively suppressed. This demonstrates that SRM and 

CASPP play complementary roles in enhancing local structural representation and global 

contextual discrimination, respectively. 
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Figure 9. Grad-CAM visualization of the ablation variants. From left to right: input image, Base, 

Base + CASPP, Base + SRM, and the complete RTCS-T. Warmer colors indicate stronger activation 

responses, whereas cooler colors indicate weaker responses. 

4.1.3. Ablation Study of the Knowledge Distillation Method 

To isolate the contribution of the proposed knowledge distillation strategy, four var-

iants of RTCS-S were evaluated on the same ablation dataset: (1) RTCS-S without 

knowledge distillation (w/o KD), which was trained using only the supervised segmenta-

tion loss; (2) RTCS-S with conventional knowledge distillation [32], in which the output 

probabilities of RTCS-T were used to supervise the student network; (3) RTCS-S with IHD; 

and (4) RTCS-S with the proposed FBKD. All variants employed identical teacher and 

student architectures, data partitions, training schedules, and optimization settings, with 

only the distillation objective being changed to ensure a fair comparison. 

As shown in Table 2, conventional KD improved the segmentation performance of 

RTCS-S compared with training without knowledge distillation, indicating that the predic-

tions of RTCS-T provided useful supplementary supervision for the lightweight student 

network. IHD further improved the performance by transferring both feature-level and re-

lational information. The proposed FBKD achieved a Precision, Recall, F1 Score, and mIoU 

of 0.7364, 0.7649, 0.7504, and 0.7734, respectively. Compared with RTCS-S without KD, 

FBKD increased these four metrics by 6.08%, 7.12%, 6.59%, and 3.89%, respectively. Moreo-

ver, FBKD improved the F1 Score and mIoU by 1.01% and 0.47%, respectively, compared 

with IHD, demonstrating its advantage over the existing hybrid distillation strategy. 

These results are consistent with the design motivation of FBKD. Conventional KD 

transfers teacher knowledge without explicitly distinguishing crack pixels from the dom-

inant background, whereas IHD does not specifically account for the sparse foreground 

and fine boundaries of pavement cracks. By introducing foreground- and boundary-

aware weighting, FBKD concentrates knowledge transfer on crack regions and boundary 

details. Meanwhile, spatial relation distillation encourages RTCS-S to preserve the struc-

tural dependencies between crack pixels. The improvement over conventional KD and 

IHD therefore indicates that task-specific foreground, boundary, and structural supervi-

sion is more effective for transferring crack representations from RTCS-T to the light-

weight RTCS-S. 
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Table 2. Ablation study of different knowledge distillation strategies on the ablation dataset. 

Methods Precision Recall F1 Score mIoU 

RTCS-S w/o KD 0.6756 0.6937 0.6845 0.7345 

RTCS-S + KD 0.7074↑0.0318 0.7345↑0.0408 0.7208↑0.0363 0.7477↑0.0132 

RTCS-S + IHD 0.7248↑0.0492 0.7566↑0.0629 0.7403↑0.0558 0.7687↑0.0342 

Ours 0.7364↑0.0608 0.7649↑0.0712 0.7504↑0.0659 0.7734↑0.0389 

4.2. Comparison Experiments 

To comprehensively verify the performance of the proposed RTCS-T and RTCS-S, 

several widely adopted segmentation networks were selected for comparative experi-

ments. Experiments were conducted on three public datasets, including Crack500, 

DeepCrack, and CFD, and the performance of the proposed models was evaluated using 

four evaluation metrics. 

4.2.1. Comparison Experiments on Crack500 

As shown in Table 3, RTCS-T achieved the best overall performance in terms of F1 

Score and mIoU, with values of 0.7477 and 0.7940, respectively. Meanwhile, it also 

achieved relatively high Precision (0.7343) and Recall (0.7616), indicating a favorable bal-

ance between crack localization accuracy and segmentation completeness. Although Hy-

brid-Seg achieved the highest Precision (0.7387), its Recall was lower than that of RTCS-

T, which limited its overall segmentation performance. By contrast, RTCS-T maintained 

more balanced results across all evaluation metrics, suggesting that the proposed archi-

tecture can more effectively capture crack structures while suppressing background inter-

ference. In addition, RTCS-S also demonstrated competitive performance, with an F1 

Score of 0.7213 and an mIoU of 0.7775. 

Table 3. Comparison of results for different segmentation methods on Crack500. 

Method Precision Recall F1 Score mIoU 

U-Net 0.6515 ± 0.0044 0.7092 ± 0.0056 0.6791 ± 0.0019 0.7405 ± 0.0006 

CT-CrackSeg 0.6663 ± 0.0026 0.7831 ± 0.0032 0.7199 ± 0.0029 0.7652 ± 0.0008 

DTrC-Net 0.6590 ± 0.0029 0.7303 ± 0.0031 0.6928 ± 0.0018 0.7482 ± 0.0005 

HoVer-UNet 0.6707 ± 0.0102 0.6803 ± 0.0104 0.6828 ± 0.0015 0.7450 ± 0.0008 

Hybrid-Seg 0.7387 ± 0.0023 0.7296 ± 0.0061 0.7341 ± 0.0013 0.7769 ± 0.0006 

EfficientNet 0.7169 ± 0.0043 0.7287 ± 0.0107 0.7228 ± 0.0017 0.7707 ± 0.0012 

ShuffleNetV2 0.6399 ± 0.0027 0.7056 ± 0.0036 0.6711 ± 0.0018 0.7327 ± 0.0010 

MobileNetV3 0.7032 ± 0.0132 0.6621 ± 0.0126 0.6820 ± 0.0027 0.7503 ± 0.0014 

CarNet 0.6863 ± 0.0035 0.7002 ± 0.0062 0.6932 ± 0.0019 0.7492 ± 0.0011 

Crackmer 0.6551 ± 0.0041 0.7134 ± 0.0074 0.6830 ± 0.0021 0.7286 ± 0.0012 

RTCS-T 0.7343 ± 0.0029 0.7616 ± 0.0038 0.7477 ± 0.0017 0.7940 ± 0.0008 

RTCS-S 0.7031 ± 0.0027 0.7405 ± 0.0033 0.7213 ± 0.0013 0.7775 ± 0.0007 

As illustrated in Figure 10, the proposed RTCS-T and RTCS-S maintain relatively 

smooth growth trends throughout the training process. RTCS-T achieved consistently 

strong performance with superior overall convergence. In Figure 11, the first and second 

rows depict the qualitative comparison results of samples selected from the Crack500 da-

taset. In the first row, RTCS-T generated segmentation results that were more consistent 

with the ground truth, particularly in preserving crack continuity and local structures. It 

further showed stronger capability in detecting thin and elongated crack regions, produc-

ing clearer crack responses with fewer missing details. RTCS-S also exhibited competitive 

visual performance, with complete and stable segmentation results. 
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Figure 10. Training curves on the Crack500 dataset. 
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Figure 11. Visualization of segmentation results on experimental datasets. 

4.2.2. Comparison Experiments on DeepCrack 

As shown in Table 4, it is evident that RTCS-T achieved the best comprehensive per-

formance among all compared methods. Specifically, it obtained the highest Precision of 

0.8884, F1 Score of 0.8491, and mIoU of 0.8678, while maintaining a high Recall of 0.8131. 

Although Crackmer achieved the highest Recall of 0.8361, its relatively lower Precision 

reduced its overall F1 Score and mIoU, suggesting that it tended to generate more false 

positive predictions. CarNet also showed strong performance on this dataset, ranking sec-

ond in F1 Score with 0.8369 and mIoU with 0.8582. Moreover, RTCS-S achieved the sec-

ond-highest Precision of 0.8826 and maintained competitive results on the other evalua-

tion metrics, indicating that the student model can effectively inherit discriminative 

knowledge from the teacher network. 

As illustrated in Figure 12, RTCS-T converges rapidly and reaches higher final values 

than most compared methods, especially in F1 Score and mIoU, demonstrating its strong 

ability to capture discriminative crack features. RTCS-S also shows competitive conver-

gence trends, indicating that the lightweight student model is able to effectively inherit 

useful knowledge from the teacher network. The third and fourth rows of Figure 11 show 
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the qualitative comparison results on the DeepCrack dataset. In this example, where the 

crack network is more complex and contains multiple intersections, RTCS-S captured fine 

crack patterns more accurately and reduced incomplete predictions in the marked areas. 

RTCS-T also demonstrated competitive visual performance, producing coherent and sta-

ble segmentation results on the DeepCrack dataset. 

Table 4. Comparison of results for different segmentation methods on DeepCrack. 

Method Precision Recall F1 Score mIoU 

U-Net 0.8663 ± 0.0064 0.7952 ± 0.0051 0.8292 ± 0.0019 0.8492 ± 0.0009 

CT-CrackSeg 0.8250 ± 0.0046 0.7958 ± 0.0034 0.8101 ± 0.0024 0.8369 ± 0.0011 

DTrC-Net 0.8654 ± 0.0067 0.7917 ± 0.0053 0.8269 ± 0.0027 0.8437 ± 0.0015 

HoVer-UNet 0.8768 ± 0.0062 0.7891 ± 0.0043 0.8306 ± 0.0028 0.8489 ± 0.0017 

Hybrid-Seg 0.8642 ± 0.0049 0.7668 ± 0.0037 0.8126 ± 0.0019 0.8365 ± 0.0016 

EfficientNet 0.8106 ± 0.0054 0.7871 ± 0.0047 0.7987 ± 0.0022 0.8270 ± 0.0014 

ShuffleNetV2 0.8112 ± 0.0106 0.7959 ± 0.0086 0.8035 ± 0.0033 0.8266 ± 0.0029 

MobileNetV3 0.8001 ± 0.0043 0.7742 ± 0.0052 0.7869 ± 0.0017 0.8189 ± 0.0013 

CarNet 0.8672 ± 0.0053 0.8087 ± 0.0045 0.8369 ± 0.0019 0.8582 ± 0.0015 

Crackmer 0.8111 ± 0.0067 0.8361 ± 0.0048 0.8234 ± 0.0023 0.8347 ± 0.0017 

RTCS-T 0.8884 ± 0.0053 0.8131 ± 0.0046 0.8491 ± 0.0017 0.8678 ± 0.0008 

RTCS-S 0.8826 ± 0.0044 0.7951 ± 0.0036 0.8366 ± 0.0015 0.8567 ± 0.0009 

 

Figure 12. Training curves on the DeepCrack dataset. 
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4.2.3. Comparison Experiments on CFD 

As shown in Table 5, the proposed RTCS-S achieved the best performance in Recall, 

F1 Score, and mIoU, with values of 0.7811, 0.7514, and 0.7962, respectively. This result 

indicates that RTCS-S was more effective in detecting complete crack regions under rela-

tively complex background conditions. Although CarNet achieved the highest Precision 

of 0.7257, its Recall and overall segmentation performance were lower than those of RTCS-

S, indicating that it was more conservative in crack prediction. In comparison, RTCS-S 

provided a better balance between segmentation accuracy and crack completeness, lead-

ing to superior overall results. RTCS-T also achieved stable performance on this dataset, 

with a Precision, Recall, F1 Score, and mIoU of 0.7228, 0.7443, 0.7334, and 0.7866, respec-

tively. These results further demonstrate the robustness of the proposed frameworks 

across different crack datasets. 

Table 5. Comparison of results for different segmentation methods on CFD. 

Method Precision Recall F1 Score mIoU 

U-Net 0.7181 ± 0.0053 0.7567 ± 0.0043 0.7369 ± 0.0013 0.7929 ± 0.0008 

CT-CrackSeg 0.6627 ± 0.0075 0.7272 ± 0.0065 0.6935 ± 0.0024 0.7798 ± 0.0014 

DTrC-Net 0.6933 ± 0.0089 0.7598 ± 0.0086 0.7250 ± 0.0019 0.7843 ± 0.0017 

HoVer-UNet 0.6979 ± 0.0063 0.6995 ± 0.0031 0.6987 ± 0.0014 0.7668 ± 0.0009 

Hybrid-Seg 0.6846 ± 0.0130 0.6469 ± 0.0096 0.6652 ± 0.0055 0.7471 ± 0.0018 

EfficientNet 0.6040 ± 0.0051 0.6475 ± 0.0028 0.6250 ± 0.0022 0.7206 ± 0.0011 

ShuffleNetV2 0.5968 ± 0.0090 0.7061 ± 0.0064 0.6469 ± 0.0076 0.7326 ± 0.0024 

MobileNetV3 0.6006 ± 0.0054 0.6602 ± 0.0049 0.6290 ± 0.0062 0.7203 ± 0.0019 

CarNet 0.7257 ± 0.0051 0.7760 ± 0.0034 0.7499 ± 0.0026 0.7943 ± 0.0015 

Crackmer 0.5967 ± 0.0033 0.5939 ± 0.0027 0.5953 ± 0.0031 0.7127 ± 0.0017 

RTCS-T 0.7228 ± 0.0051 0.7443 ± 0.0042 0.7334 ± 0.0029 0.7866 ± 0.0011 

RTCS-S 0.7239 ± 0.0047 0.7811 ± 0.0035 0.7514 ± 0.0023 0.7962 ± 0.0012 

As illustrated in Figure 13, although the training curves exhibit relatively larger fluc-

tuations due to the limited dataset size, RTCS-S gradually surpasses most compared meth-

ods in the later stages of training and achieves the best overall convergence performance. 

The fifth and sixth rows of Figure 11 present the qualitative comparison results on the 

CFD dataset. RTCS-S generated predictions that more closely matched the ground truth, 

particularly in identifying thin and less salient crack traces and producing fewer missing 

predictions in the highlighted regions. RTCS-T also demonstrated competitive visual per-

formance, yielding stable segmentation results on the CFD dataset. 
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Figure 13. Training curves on the CFD dataset. 

4.3. Limitation 

Although the proposed models achieve satisfactory segmentation results in most 

cases, they exhibit limitations in some extremely challenging scenarios. In particular, no 

segmentation model can guarantee accurate crack segmentation for all samples. When the 

input images contain watermark text or similar background markings, the model may 

produce false positive predictions. As illustrated in Figure 14, both RTCS-T and RTCS-S 

mistakenly identified the watermark in the highlighted areas as cracks, although the main 

crack regions were still segmented well. This suggests that text-like background interfer-

ences may provide misleading structural patterns, thereby reducing the model’s ability to 

distinguish true cracks from non-crack regions. Nevertheless, such failure cases occur 

only in a limited number of samples, and the proposed methods still demonstrate strong 

robustness and competitive segmentation performance in most situations. 
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Figure 14. Failure cases of the proposed models. The red boxes indicate regions in which water-

mark text is incorrectly segmented as cracks. 

4.4. Comparison of Computational Complexity 

In this subsection, the models analyzed in the previous sections are further evaluated 

in terms of parameter count and computational efficiency. The parameter count, reported 

in millions (M), refers to the number of trainable parameters in a model and is commonly 

used to reflect model capacity. A larger parameter count generally indicates stronger fea-

ture representation ability, but it also increases model complexity and resource consump-

tion during both training and inference. To assess computational efficiency, frames per 

second (FPS), inference time, and floating-point operations (FLOPs) were adopted. FPS 

denotes the number of images that can be processed per second, with higher values indi-

cating faster inference speed. Inference time is reported in milliseconds (ms) and repre-

sents the average time required to process a single image; lower values indicate faster 

inference. FLOPs represent the amount of floating-point computation required by a model 

and serve as an important indicator of computational complexity. In general, models with 

higher FLOPs require more computational resources and incur greater inference cost. 

Figure 15 visually presents the parameter counts and computational complexity of 

various models. In this figure, the horizontal axis denotes FPS, while the vertical axis rep-

resents FLOPs. In addition, the size of each circle corresponds to the parameter count of a 

model, where a larger circle indicates a larger number of parameters. It is evident that 

different models exhibit distinct trade-offs among inference speed, computational com-

plexity, and parameter count. Some models achieve stronger representation capability at 

the expense of higher computational burden and larger parameter counts, whereas light-

weight models generally show lower FLOPs and faster inference speed. Notably, the pro-

posed RTCS-T and RTCS-S are both located in regions with relatively low computational 

cost, and RTCS-S in particular achieves very high inference speed while maintaining a 

very small parameter count. 
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Figure 15. Comparison of parameter counts and computational complexity of each model. 

Table 6 provides the parameter counts, FPS values, and FLOPs of all compared models. 

It can be observed that RTCS-S achieved the lowest model complexity among all compared 

methods, with only 1.82 M parameters and 1.13 GFLOPs. At the same time, it attained the 

highest inference speed of 680 FPS, demonstrating a significant advantage in computational 

efficiency. Although MobileNetV3 also exhibited relatively low computational cost, with 

5.38 M parameters and 1.23 GFLOPs, its overall efficiency was still inferior to that of RTCS-

S. CarNet achieved the second highest inference speed (492 FPS) and maintained a light-

weight structure, but its parameter counts and FLOPs remained higher than those of RTCS-

S. By contrast, traditional or heavier models such as U-Net and Hybrid-Seg required sub-

stantially larger parameter counts and computational costs, indicating lower efficiency in 

practical deployment scenarios. In addition, RTCS-T also showed favorable lightweight 

characteristics, with 4.83 M parameters and 2.03 GFLOPs, which were markedly lower than 

those of most compared methods. These results demonstrate that the proposed RTCS-S not 

only achieves strong segmentation performance, but also maintains excellent efficiency, 

making it more suitable for real-time crack segmentation tasks. 

Table 6. Computational complexity with compared methods. 

Method Parameters (M) FLOPs (G) FPS Inference Time (ms) 

U-Net 134.19 98.73 316 3.2 

CT-CrackSeg 22.88 83.24 56 17.9 

DTrC-Net 37.86 30.99 177 5.7 

HoVer-UNet 31.04 41.91 237 4.2 

Hybrid-Seg 237.88 102.65 127 7.9 

EfficientNet 8.64 2.63 275 3.6 

ShuffleNetV2 9.54 4.35 379 2.6 

MobileNetV3 5.38 1.23 318 3.1 

CarNet 4.89 3.68 492 2.0 

Crackmer 5.63 2.87 169 5.4 

RTCS-T 4.83 2.03 187 5.3 

RTCS-S 1.82 1.13 680 1.5 
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4.5. Results of Real-Time Deployment 

To evaluate the practical applicability of RTCS-S, the model was deployed on an RDK 

X5 edge-computing development board, as shown in Figure 16. The board integrates an 

eight-core 1.5 GHz Arm Cortex-A55 CPU, an INT8-capable BPU with a computing capacity 

of 10 TOPS, and 4 GB of LPDDR4 memory. An 8-megapixel IMX219 camera was used to 

acquire pavement images at a resolution of 1280 × 720 pixels and a frame rate of 60 fps. The 

captured frames were processed online without offline preprocessing. Each frame was 

resized to the input resolution of RTCS-S and normalized before inference, after which the 

predicted crack mask was overlaid on the corresponding camera image for visualization. 

The complete RTCS-S deployment pipeline achieved an end-to-end throughput of 34 

FPS on the RDK X5 platform. This measurement covered image acquisition, online resiz-

ing and normalization, model inference, post-processing, and result visualization. The 

corresponding average end-to-end latency was approximately 29.4 ms, while the peak 

memory consumption during embedded execution was 1.8 GB. The measured throughput 

showed that RTCS-S could perform real-time pavement crack segmentation on the em-

bedded device under the evaluated configuration 

 

Figure 16. Real-time deployment platform. 

Figure 17 presents several representative results obtained under different real-world 

pavement conditions. The first row contains an elongated crack. The second row shows a 

curved crack affected by irregular water stains, whose appearance may be confused with 

crack pixels. The third row presents a crack crossing a painted road marking. The fourth 

row contains several intersecting crack branches, whereas the fifth row presents an irreg-

ular crack network in a severely deteriorated region adjacent to a utility-cover boundary. 
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Figure 17. Qualitative results of real-time crack segmentation in different road scenarios. 

In the first row, the predicted mask followed the elongated crack and retained its 

overall continuity. In the second row, the response remained concentrated along the visi-

ble crack trace rather than spreading across the surrounding water-stained region. In the 

road-marking scenario, RTCS-S followed the crack across the marked pavement while 

producing only limited responses to the painted area. The principal branches and junc-

tions were retained in the intersecting-crack scenario. In the final scene, the model de-

tected the main crack network but produced broader responses in the severely deterio-

rated, highly textured region. These field observations provide qualitative evidence that 

RTCS-S preserved crack continuity under the pavement conditions evaluated in the de-

ployment experiment. 

The complete RTCS-S pipeline achieved an end-to-end throughput of 34 FPS on the 

RDK X5 platform, showing that the system operated in real time under the evaluated con-

figuration. The representative field results further showed that the model retained the 

principal crack structures under interference from water stains, painted road markings, 

intersecting branches, and severely deteriorated pavement. Overall, the deployment re-

sults indicate that the proposed RTCS-S model achieves a favorable balance between seg-

mentation performance and computational efficiency, demonstrating its potential for real-

time pavement distress detection and embedded intelligent inspection systems. 

5. Conclusions and Future Work 

In this study, a novel teacher–student crack segmentation framework, namely RTCS-

T and RTCS-S, was proposed to address the challenging trade-off between segmentation 
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accuracy and computational efficiency in pavement crack detection tasks. The teacher net-

work, RTCS-T, was constructed based on the Swin Transformer to effectively capture 

long-range dependencies and multi-scale contextual information, while the introduced 

strip refinement module and cascaded atrous spatial pyramid pooling module further en-

hanced the representation of elongated crack structures and complex contextual features. 

The lightweight student network, RTCS-S, was designed using depthwise separable con-

volutions and a hierarchical encoder–decoder architecture, enabling efficient inference 

with significantly reduced computational cost. In addition, a foreground-aware and 

boundary-aware knowledge distillation strategy was developed to guide the transfer of 

discriminative structural knowledge from the teacher to the student model. 

Extensive experiments conducted on three public datasets, including Crack500, 

DeepCrack, and CFD, demonstrated that the proposed framework achieves competitive 

or superior performance compared with state-of-the-art methods. Specifically, RTCS-T 

achieved the best overall performance on Crack500, with an F1 Score of 0.7477 and an 

mIoU of 0.7940, and also obtained the best comprehensive results on DeepCrack, with a 

Precision of 0.8884, an F1 Score of 0.8491, and an mIoU of 0.8678. On CFD, RTCS-S 

achieved the best overall performance, with a Recall of 0.7811, an F1 Score of 0.7514, and 

an mIoU of 0.7962. In addition, RTCS-S exhibited high computational efficiency, requiring 

only 1.82 M parameters and 1.13 GFLOPs while achieving a model inference speed of 680 

FPS on the RTX 4090 GPU. When deployed on the RDK X5 edge-computing platform, the 

complete end-to-end pipeline achieved a throughput of 34 FPS, with an average latency 

of approximately 29.4 ms and peak memory consumption of 1.8 GB. These results indicate 

that RTCS-S can perform real-time crack segmentation under the evaluated embedded 

configuration, supporting its potential for on-device pavement inspection and structural 

health monitoring applications. 

Future work will focus on improving the discrimination ability of the model against 

visually similar background interference, so that crack patterns can be more accurately 

distinguished from non-crack structures. In addition, the integration of temporal infor-

mation from video streams and multi-modal sensing frameworks will be further investi-

gated to provide richer contextual cues and enhance the reliability and stability of real-

time crack detection systems. 
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