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Abstract. Automated crack detection in concrete structures is an important
aspect of structural health monitoring (SHM) to ensure safety and durability.
Traditional methods mainly rely on manual inspection, which suffers from
subjectivity and inefficiency challenges. To address these issues, machine
learning, especially deep learning techniques, have been gradually adopted to
improve accuracy and reduce reliance on large amounts of labeled data through
semi-supervised and unsupervised methods. This paper introduces RD-Crack,
an innovative concrete crack detection method that utilizes a diffusion model to
optimize neural network parameters to improve detection accuracy. The RD-
Crack framework combines the encoder with ResNeXt and extrusion excitation
modules for feature extraction and uses a diffusion model for parameter
optimization to achieve accurate crack detection in complex engineering
environments. Experimental results show that our RD-Crack outperforms other
state-of-the-art methods in comprehensive performance.

Keywords: Crack Detection · Structural Health Monitoring · Diffusion
Model · Unsupervised Learning · Neural Network Optimization

1 Introduction

Crack detection is the process of detecting cracks in a structure using various
processing techniques. Structural Health Monitoring (SHM) is a technique for
assessing the health of structures by acquiring, processing and interpreting data from
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structural engineering systems in real-time or periodically [8,34,10]. Cracks have a
significant impact on the mechanical behavior of structures and their identification
and detection can reveal structural stress mechanisms, which is an important part of
SHM to ensure structural safety and durability [21]. Conventional methods for
concrete crack detection and evaluation typically rely on manual visual inspection,
usually performed by experienced inspectors, and present challenges such as
subjectivity, labor intensity, and inability to detect subtle or early cracks [7,26].
To overcome these challenges, automated crack detection has been proposed to
replace subjective and inefficient manual visual inspections. Barazzetti et al. [3]
proposed an image-based crack analysis method (IMCA) for processing digital image
sequences to perform crack boundary extraction and crack deformation
measurements. Nishiyama et al. [25] proposed a new digital photogrammetrybased
crack monitoring method for measuring crack displacements in aged structures with
high precision and accuracy. Jia et al. [18] investigated the application of vibro-
thermography in the crack detection of concrete components and developed an
acoustic excitation device to enhance crack detection using high-power ultrasound.
Yehia et al. [39] used embedded Fabry-P´erot fiber optic sensors to monitor the
concrete structure at different stages of construction behavior to investigate their
performance in strain measurement, dynamic/cyclic loading, and fatigue testing.
However, vision-based crack detection is limited by the abundance of tagged data
sets, and tagging a large number of untagged initial crack data sets is one of the
challenges faced by civil engineers. How to bridge the traditional civil engineering
structural health inspection with the emerging computer technology is a handicap.
The proposal of machine learning algorithms presents new ideas to address the
challenges of structural health monitoring (SHM).
Zhang et al. [42] proposed a real-time crack detection method based on a 1D
convolutional neural network (1D-CNN) and a long-short-term memory network
(LSTM). Geetha et al. [9] proposed a method that combines image binarisation and a
Fourier-based 1D DL model framework for real-time detection and classification of
crack and noncrack features on concrete surfaces. Baduge et al. [2] proposed a
framework for asphalt pavement health monitoring based on 1D-DFTCNN and CCR,
and a geospatial mapping methodology for visualization of crack locations for health
monitoring and maintenance purposes. Supervised neural networks require extensive
human intervention for feature identification and extraction, and have poor
generalization performance.
Therefore, semi-supervised and unsupervised algorithms are preferred by researchers
in today’s concrete crack detection. Jian et al. [19]. proposed a new semi-supervised
algorithm to improve the performance of crack segmentation by means of a cross-
teacher pseudo-supervised framework and a crossenhancement strategy. Zheng et al.
[43] proposed a multi-stage applicationoriented semi-supervised algorithm. proposed
a multi-stage application-oriented semi-supervised active learning framework (CAL-
ISM) for bridge crack identification and measurement. Xiang et al. [36] proposed
SemiCrack, a semi-supervised learning framework based on contrast learning and
cross-pseudo-supervision, which can effectively reduce the dependence on labels in
crack segmentation.
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Diffusion modeling [31], as a new unsupervised method, is proposed to give new
consideration to concrete crack detection. Although concrete crack detection is a
supervised task, the optimization of various parameters of the supervised neural
network in it cannot be derived in a supervised manner, which leads to poor detection
results. In addition, the supervised approach requires higher image quality than the
unsupervised approach, otherwise, the accuracy and reliability of detection will be
affected. Therefore, this paper proposes an improved concrete crack detection method
based on the diffusion model, namely RD-Crack. Specifically, RD-Crack uses the
idea of diffusion model guidance to generate high-performance neural network
parameters to optimize the performance of our neural network. Meanwhile, the
embedded diffusion model can improve the image to make its crack detection more
accurate and stable. Our contributions are mainly as follows:

 We introduce the RD-Crack framework, an innovative methodology for detecting
cracks in concrete structures. By integrating sophisticated image processing
algorithms with a diffusion model, the framework enhances the neural network’s
parameter optimization, leading to more accurate and stable crack detection.

 We delineate the implementation of an encoder-decoder architecture, which
incorporates ResNeXt and squeeze-excitation modules. This integration aids in
superior feature extraction and analysis, enabling nuanced segmentation of crack
features within concrete structures.

 A pivotal contribution of this research is the application of a diffusion model to
refine the neural network parameters. This approach facilitates the generation of
optimized parameters, substantially improving the model’s efficacy in identifying
and analyzing concrete cracks. The findings indicate the method’s potential to
transform current practices in crack detection and analysis, promoting safer and
more efficient monitoring and maintenance of concrete infrastructures.

2 Related Work

2.1 Concrete crack detection

Concrete crack detection is an assessment technique used to identify and quantify the
characteristics of cracks in concrete structures. Due to the specificities of the real-
world environment, this detection relies on the combined application of visual
inspection, digital image processing, acoustic emission analysis, and other non-
destructive assessment methods. Methods grounded in traditional image processing
employ computer vision techniques to extract crack-related information from digital
images. Tiny cracks, often elusive to visual inspection and conventional non-
destructive testing (NDT), can be rapidly and accurately identified using image
processing methods, facilitated by visual sensors and computers [4,13].
The image processing workflow typically encompasses image acquisition, feature
extraction, and crack segmentation. Acquisition can be performed using various
modalities, such as photographic [24], infrared [30], ultrasonic [6], and laser imaging
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[28]. Adhikari et al. [1] proposed a model that integrates digital image processing to
formulate numerical representations of concrete defects. Iyer et al. [16] developed
segmented binary crack maps to detect crack patterns in pipeline images using
alternating filters. However, these methods have limited functionality and often
necessitate human intervention in complex scenarios, hindering full automation and
efficiency, especially in large-scale or real-time applications.
The advent of machine learning has introduced novel approaches to addressing the
challenge. Kaseko et al. [20] devised an automated method that merges artificial
neural network models with traditional image processing to classify cracks in road
video imagery. Moreover, support vector machines have been widely employed in
conventional machine learning. O’Byrne et al. [27] proposed a semi-automated,
augmented texture segmentation method employing defined feature vectors to detect
and classify surface damage on infrastructure components.
Deep learning, surpassing traditional machine learning, excels in extracting complex
and subtle features from images, garnering significant attention in research. Concrete
crack detection using deep learning is categorized into image classification, object
recognition, and semantic segmentation. Yokoyama et al. [40] applied deep learning
in concrete crack detection, developing classifiers from image datasets. Song et al.
[32] designed a Fully Attentional Network (FLANet) to address the limitations of
non-local self-attention methods in semantic segmentation. These studies underscore
the profound impact of deep learning in revolutionizing concrete crack detection.

2.2 Diffusion modeling

Diffusion modeling is a methodology that commences with the training of an energy
model using techniques such as score matching, followed by sampling from the
energy model via the Langevin equation [31]. This method facilitates the generation
and sampling of various continuous entities, such as speech and images. Ho et al. [12]
expanded this framework by iteratively degrading data samples to random noise and
then reconstructing them, enabling the production of high-resolution images, thereby
garnering significant research interest.
Over time, the versatility and generalizability of diffusion models have established
them as potent tools for addressing intricate problems, demonstrating exceptional
performance across diverse application areas. Song et al. [33] introduced a
comprehensive framework that integrates score-based generative modeling and
Denoising Diffusion Probabilistic Models (DDPMs). This framework facilitates the
transformation of complex data distributions into prior distributions through
stochastic differential equations (SDEs) and then reverts these prior distributions to
the original data distributions using backward SDEs. Radford [29] introduced the
CLIP model, based on ConVIRT, capable of predicting new image classification tasks
without specific dataset training.
Diffusion model-enhanced methods have found widespread application in various
disciplines. Wang et al. [35] developed a high-fidelity technique for generating
speckle patterns in Digital Image Correlation (DIC), enhancing the accuracy of crack-
containing DIC image segmentation. Li et al. [22] introduced the DIM-UNet model,
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which enhances medical image segmentation performance. Additionally, Luo et al.
[23] proposed a deep generative model that combines a diffusion probabilistic model
with a covariant neural network, enabling the joint modeling of Complementarity
Determining Regions (CDRs) based on their sequences and structures.
Despite the advancements in computer vision and multimodal learning, diffusion
models’ application in concrete crack detection remains underexplored. The subtlety,
complexity, and irregularity of cracks can compromise the precision and accuracy of
conventional target detection models. Therefore, the principles of diffusion modeling
are particularly well-suited for enhancing the effectiveness of concrete crack detection
methodologies.

3 Methodology

3.1 The framework of RD-Crack

Fig. 1. The framework of RD-Crack. In the process of extrusion and excitation, the feature
maps segmented by the residual neural network are given different weights and fed into the
aggregation module for group aggregation. After the initial solution is obtained, parameter
flattening is introduced into the autoencoder of the diffusion model. The parameters are
adjusted through Gaussian noise interference, and the new parameters are output into the

residual neural network. Iteratively solve until reaching the threshold of LDM. Please note that
in our RD-Crack, the initial parameters are the parameters of the classic paper, which can save

a large part of the convergence time of the diffusion model.

Figure 1 shows our framework for crack detection, RD-Crack. RD-Crack still mainly
consists of an encoder and a decoder. The encoder mainly uses ResNeXt [37] as the
main feature extraction network and uses the squeeze and excitation module [14] to
learn the correlation between channels for better crack segmentation. We flatten the
parameters of this model into one-dimensional vectors, and then introduce a new
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autoencoder that imports the one-dimensional vectors into the standard diffusion
model for training, extracts potential representational information from random noise,
and then reconstructs the parameters from the new representational information
through the decoder, which is used to update the parameters of the model of RD-
Crack. At this point, the model parameters of RD-Crack are all generated by the
diffusion model and are more suitable for concrete crack detection.
Main body construction of RD-Crack encoder. We consider the most classical
residual neural network [11] to extract the crack features of concrete.

� � = ℱ �, {��} + �; (1)

Where � and � � are input and output variables. The function ℱ · represents the
residual mapping to be learned.
In the convolution process, global information is lost, and certain feature maps
identified by crack detection may prove more valuable for subsequent layers. To
address this, we preserve the global information from crack detection through squeeze
and excitation operations [14], which dynamically adjust the dependencies among the
feature maps. Denote the output of the preceding convolutional layer in the crack
detection framework as Global information is � = �1, �2, …, �� then extracted by
applying a global average pooling operation to each channel rq resulting in the
channel statistics � = �1, �2, …, �� , where the ith element of T is calculated as
follows:

�� = 1
�∗� �=1

�
�=1
� �� �, ��� ; (2)

Eq. 2 is the extrusion process. Having obtained the global information from the
squeeze step, the next step is to embed the global information in the output. To
recalibrate the feature map interdependencies, the excitation step will use a gating
mechanism with the following output equation:

� � = ��2 ��1� � = ������� �2 Re�� �1� � ; (3)

Where ��1 and ��2 are fully connected layers with weights �1 and �2 . In this case,
� � is a probability vector with the same shape as the input to the network. The final
output of the Squeeze and Excitation module is obtained by scaling each element of
� � to the corresponding element of � � , denoted as follows:

��� = �� � ∗ �� � ; (4)

At this point, the feature maps are dynamically recalibrated. We then partitioned the
feature maps n output from the Squeeze and Excitation module into groups using m.
Each group was downsampled to a single feature map using the sum of aggregation
operations [37], represented as follows:
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� 1 = � 1 , � 2 , …, � �

� 2 = � �+1 , � �+2 , …, � 2�
⋮

� � = � �−1 � +1 , � �−1 � +2 , …, � ��

⋮

� �
�

= � �
� −1 � +1

, � �
� −1 � +2

, …, � �

#

(5)

� � = �=( �−1 �)+1
�� ��� ; (6)

Automatic construction of new encoder parameters. Using the above approach, we
successfully constructed a comprehensive encoder. However, the parameters of this
model are completely customized, and continuous debugging is required to determine
the parameter value range with better results. At the same time, since there may be
potential representations between feature maps, the set parameters may not be able to
find their specific relationships. Simply relying on the stacking and aggregation of a
large number of feature maps will significantly reduce performance. Therefore, after
establishing the encoder with the initial parameter set, this study imported these
parameters into the diffusion model, used random noise to optimize the parameters,
and then fed it back to the original encoder as the output to find the potential in the
crack feature map. characterization.
The encoder generates a parameter set that is then flattened into a one dimensional
vector � = �1, �2, …, �� This study reconstructs � through training an autoencoder.
Subsequently, a Variational AutoEncoder (VAE) is trained without conditioning. The
VAE is trained to ensure that the decoded weights achieve similar performance to the
input weights when evaluated on the test set. Specifically, we minimize the following
objective function:

ℒ =− ��ϕ � � log �θ � � + �� �ϕ � � � � (7)

where � is a one-dimensional vector, � is its latent representation, �� and �� are the
reconstruction and approximate posterior terms, respectively, and � � is the prior
distribution. We use the standard Gaussian distribution for the prior. The first term
here is the log-likelihood, which represents the reconstruction loss. Since crack
detection is still essentially a classification problem, we use the classic cross-entropy
loss to measure it. The second term is the KL divergence between the encoder output
and the prior probability, used for regularization.
The trained VAE is then utilized to train a latent diffusion model for
datasetconditioned weight sampling. At this stage, we have access to a pretrained
VAE for encoding neural network weights and a pretrained Set Transformer module
for encoding entire datasets. The next step involves defining a model to generate
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latent representations of weights conditioned on dataset representations, achieved
through Diffusion Denoising Probabilistic Models (DDPM).
Given a weight embedding z obtained from the encoder of the pretrained VAE, the
forward diffusion process involves successive Gaussian noise perturbations of z over
T time steps. At time step t, the distribution is given by:

� �� ��−1 = � ��; μ� = 1 − β���−1, β�� (8)

where �� ∈ 0,1 is the noise variance and � �1:� �0 ==
�=1

�

� �� ��−1� .

Decoder When the diffusion model is applied to the autoencoder, the goal of the
decoder is to reconstruct the parameter variables from the latent space through the
inverse diffusion process. Specifically, the decoder formulation relies on the inverse
process of the diffusion model, which progressively generates data from samples of
some noise distribution (here a Gaussian noise distribution is used). It can be
expressed as:

�θ ��−1 �� = � ��−1; μθ ��, � ,Σθ ��, � (9)

where µθ and �� are neural networks.

4 Experiments

4.1 Experimental setup

Datasets and Settings. Caffe [17] was utilized to implement our RD-crack. The
original encoder was initialized using the Kaiming [11] method on ResNet50, with an
initial learning rate set to 0.1 and decreased by a factor of 10 every 150 epochs. The
training duration was 600 epochs. Other hyperparameters such as weight decay,
momentum, and optimizer were set to 0.0005, 0.85, and stochastic gradient descent
(SGD), respectively. The batch size was fixed at 64. In the parameter reconstruction
of the original encoder, both the self-encoder and the latent diffusion model include
an encoder and decoder based on a 4-layer 1D CNN. We collected 600 training data
points by default for all architectures. During the final training phase, we continued
training the last two normalization layers while keeping other parameters fixed. We
saved 600 checkpoints of the original model in the last epoch. In the inference process
of the diffusion model, we generated 100 new parameters by inputting random noise
to the potential diffusion model and the decoder. These synthesized parameters were
then combined with the fixed parameters mentioned above to create our generated
models. From these models, we selected the one that performed best on the training
set, evaluated its accuracy on the validation set, and reported the results. This
approach ensures a fair comparison with the model trained using the SGD
optimization method. The test data set includes the SDDNET [5] (about 56,000
256*256 pixel images of concrete walls, bridge decks, and pavement with and
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without cracks.), CrackTree260 [44] (260 pavement images, 512*512 pixels, in order
to expand the data set Scale, we crop the image center symmetrically into 4 sub-
images, and rotate each sub-image once at 10-degree intervals, expanding the total to
37440 images), Crack500 [38] (500 road images of 2000*1500 pixels, in order to
expand the data set Scale, we crop the image center symmetrically into 16 sub-
images, and rotate each sub-image once at an interval of 60 degrees, expanding the
total to 48,000 images). We adjust all images to the standard 256*256 pixels for
experiments. All experiments were conducted on an NVIDIA GeForce RTX 4090 and
12th Gen Intel(R)Core(TM) i7-12700KF.

Fig. 2. Concrete crack detection test data set. The negative pictures is a picture of concrete
without cracks, and the positive picture is pictures of concrete with cracks.

Baselines. To verify the effectiveness of our RD-Crack, we compare it with several
state-of-the-art concrete crack detection methods. These include a traditional digital
image processing method [3], a machine learning method [9], and three deep
learning-based methods, Deepcrack [45], Mostafa et.al [15], and CrackDiff [41]. For
a fair comparison, we retrained other models using the same training dataset.
Evaluation indicators. 4 indicators can be used to measure the performance of
concrete crack detection. By comparing the detected cracks with manually annotated
real data, the precision, and recall are calculated, and then the F1score is obtained. In
addition, mIoU (average intersection greater than union) is used to measure the
accuracy of pixel positioning, which can be used to comprehensively evaluate the
performance of the model for image segmentation, and is also widely used in the
evaluation of concrete crack detection.

Comparative experimental results with SOTA method

Quantitative results. Table 1 presents the numerical results of our RD-Crack and
IMCA, Geetha et al., Deepcrack, Mostafa et al., and CrackDiff. As can be seen from
Table 1, for concrete crack detection, our RD-Crack performs well in two
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comprehensive performance indicators, F1 score and mIoU, in the three data sets,
both of which are better than other optimal methods. In addition, it can be seen from
Table 1 that different precision pictures and crack complexity of different data sets
will affect the performance of existing concrete detection methods by more than 5%,
and the parameter fine-tuning of the supervised neural network by the diffusion neural
network makes Its fluctuation does not exceed 3% in the selected data set. This shows
the importance of parameter adjustment under actual engineering environmental
conditions. This also provides a new idea for future researchers to improve the
detection model in actual engineering. Figure 2 is a violin plot of various indicators
detected by our RD-Crack in the test data set. As can be seen from Figure 2, the
highest value density of our RD-Crack in recall, precision, F1 score and exceeds 85%,
and the highest value density of mIoU exceeds 80%. This shows that our proposed
RD-Crack is reliable in performance.Please note that the first paragraph of a section
or subsection is not indented. The first paragraphs that follows a table, figure,
equation etc. does not have an indent, either.Subsequent paragraphs, however, are
indented.

Table 1. Comparison of the indicators of various results of different crack detection methods
on different data sets. In the table, F1 represents F1 score, and TP represents true precision.

Methods SDDNET CrackTree260 Crack500
F1↑ mIoU↑ TP↑ F1↑ mIoU↑ TP↑ F1↑ mIoU↑ TP↑

IMCA [3] 65.24 67.26 61.26 68.79 71.10 62.32 70.13 72.47 65.84
Geetha et al. [9] 81.72 84.36 74.37 79.68 82.95 76.31 83.36 87.14 77.18
Deepcrack[45] 78.62 81.71 76.26 75.34 83.32 71.29 79.23 84.13 73.94

Mostafa et al. [15] 83.69 86.27 79.86 84.24 85.72 78.64 88.17 86.91 85.32
CrackDiff [41] 82.32 84.69 79.34 85.76 88.23 81.63 87.93 89.71 84.26
RD-Crack 88.97 90.64 86.72 89.59 92.03 88.17 92.24 92.72 88.95

Qualitative results. Figure 4 shows the crack recognition images of our RD-Crack
and CrackDiff, which perform best in the three datasets. It can be clearly seen that
both CrackDiff and our RD-Crack perform well in more obvious data cracks. Our
RD-Crack can more completely identify the severity of cracks because the diffusion
model identifies the characteristics of cracks in more detail. Instead of ordinary
supervised neural networks that can only identify cracks. Furthermore, we were
pleasantly surprised to find that the diffusion model attempts to make its own
judgments about complex actual engineering situations. During the recognition of the
first original image, we were surprised to find that almost all neural networks
represented by CrackDiff identified some tiny traces as the extension of cracks.
However, our RD-Crack does not think this is a crack but believes that the location of
some edges may be an extension of a crack that was not photographed. Therefore, our
RD-Crack has good prospects for crack detection in actual engineering environments.
4.3 Ablation experiment
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Fig. 3. Segmentation performance evaluation for crack detection using RD-Crack and CrackDif

Fig. 4. Segmentation evaluation for crack detection using RD-Crack and CrackDiff.

4.2 Ablation experiment

To verify the effectiveness of the diffusion model and the squeeze, excitation, and
aggregation modules in RD-Crack, this study gradually removed the diffusion model
(DM), squeeze excitation, and aggregation modules (SEA) from our RD-Crack until
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only the most classic residual neural network (ResNet) and training on Crack500
dataset. The obtained precision, recall, F1 score, accuracy, and mIoU results are
shown in Table 2:
As can be seen from the table 2, compared with directly using supervised residual
neural network for crack detection, the extrusion, excitation, and aggregation modules
have improved in all indicators, which shows that the actual engineering environment
has a great impact on the accuracy of crack detection. is extensive, it is necessary to
consider global factors and the weight issues between different feature maps.
Furthermore, the diffusion model improves precision, F1, and mIoU with a slight
decrease in recall. This shows that diffusion models require more time and resources
to find missing information than ordinary supervised neural networks. However, since
our model parameters are not directly generated by the diffusion model, but are
obtained by adjusting the classical model parameters using the diffusion model, better
classical model parameters at this time indirectly speed up the solution of the
diffusion model. This means that a good initial value can make the decrease in the
recall rate of the diffusion model negligible.

Table 2. Ablation study results on RD-Crack

Recall Precision F1 score mIoU
RD-Crack 85.35 88.95 92.24 92.72
Remove DM 88.06 81.93 86.91 84.07
Remove SEA 84.29 85.34 88.73 84.62

ResNet 87.59 74.67 80.20 80.41

5 Conclusions

RD-Crack represents a significant advancement in concrete crack detection
technology, incorporating diffusion models to refine neural network parameters,
thereby improving detection accuracy. Experimental results demonstrate RD-Crack’s
superiority over traditional and contemporary methods across various datasets,
evidenced by its higher F1 score and mIoU metrics. The integration of diffusion
models offers a promising direction for enhancing crack detection in engineering
practices, affirming the potential of combining traditional engineering approaches
with advanced computational models. The method’s success in handling different data
complexities and conditions suggests its applicability in real-world structural health
monitoring.
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