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Abstract— The advancements of sensor technologies, im-
provements in computational power, and massive amounts
of data from the increasing number of sensors deployed on
structures have augmented the need for data-driven techniques
in structural health monitoring (SHM), particularly for fatigue
crack detection. Data-driven methods and tools are increasingly
used in analyzing structures to ensure the absence of any fatigue
crack in various engineering fields including civil, mechanical,
aerospace, and maritime engineering. This overview aims to
present the most recent research that utilizes data-driven
methods for fatigue crack detection in engineering structures
that fall within the realms of signal processing (SP) and
machine learning (ML). It focuses on studies utilizing Deep
Learning (DL) for crack detection, highlighting the importance
of Transfer Learning (TL).

I. INTRODUCTION

Ensuring life safety and reducing inspection costs is a top
priority for engineers and researchers. Cost-effective Struc-
tural Health Monitoring (SHM) is significant for long-term
structural integrity utilizing various methods for monitoring
and inspection. The implementation of SHM systems in
structures and mechanical systems to detect structural issues
in the early stages is substantial by contributing to increasing
structural durability, reducing life cycle costs, and enhancing
safety. Continuous real-time monitoring aids in identifying
potential problems before they escalate.

SHM systems typically consist of various components,
including sensors, data acquisition devices, data transmission
systems, databases for data management, data analysis, mod-
eling tools, condition assessment, visualization interfaces,
and software [1]. Sensor and communication technologies
have advanced, enabling efficient infrastructure maintenance.
SHM has witnessed a remarkable evolution, propelled by
a synergy of advanced techniques and sensor technologies.
Employing an array of sensors, including accelerometers,
strain sensors, ultrasonic sensors, and more, SHM systems
aim to detect and assess structural issues such as fatigue
cracks. SHM techniques can be classified into two main
categories: local and global [2]. Local techniques are limited
to the area under the sensor’s surveillance, while global
techniques can detect damage anywhere in the structure
through a network of sensors.

Advancements in sensor and SHM technology have led
to a significant move toward data-driven methods to handle
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large amounts of sensor data, replacing traditional physics-
based models [3]. The systematic collection of data from
diverse sensors is coupled with signal-processing techniques
to isolate critical information. Machine learning (ML) algo-
rithms play a crucial role in tasks such as damage detec-
tion. Notably, Deep learning (DL) is increasingly applied in
SHM due to advances in big data, cloud-based computation,
computer hardware, software, and data science. DL-based
SHM is characterized by its ability to predict patterns hidden
in data, leveraging advancements in transfer learning (TL)
for efficiency and time-saving. TL facilitates the efficient
training of neural networks. The integration of Big Data
techniques contributes to the storage, analysis, and man-
agement of extensive datasets in SHM applications. These
advancements underscore the pivotal role of data-driven
techniques in enhancing the accuracy and overall efficiency
of SHM systems.

A typical approach in Data-driven Crack Detection for
SHM, as shown in figure 1, initiates with gathering sensor
data relevant to the system under surveillance, followed by
thorough preprocessing steps aimed at refining data quality.
Data normalization, denoising and filtering are among the
techniques employed to enhance data for further analysis.
Then, signal processing (SP) techniques that include time-
domain, frequency-domain and time-frequency features are
used to extract relevant features serving as a foundation for
crack detection. To address the complexity of the feature
space, dimensionality reduction techniques are applied, pre-
serving essential information while streamlining computa-
tional efforts. This methodology is founded on building ML
models that can predict damage indicators or health states.
In this context, DL stands out as a powerful tool especially
when handling vast datasets showing great results with
vision-based crack detection. These machine-learning models
enable the establishment of decision-making frameworks
for automated crack detection. These frameworks facilitate
proactive maintenance strategies.

Fig. 1. A typical Data-driven Crack Detection approach.



II. INDUSTRIAL APPLICATIONS OF CRACK DETECTION

Crack detection plays a pivotal role in civil engineering to
ensure the structural integrity of critical infrastructure. Dif-
ferent materials such as concrete, steel, and asphalt are used
in civil infrastructure. Cracks can develop in these materials
over time due to factors such as aging, seismic activity, and
traffic loads. For instance, concrete structures may encounter
significant stress, cracking, and deformation over time due to
exposure to extreme structural loads and weather conditions,
leading to crack formation. These cracks can extend resulting
in potential structural failure. Researchers worked on crack
detection in concrete structures such as bridges, buildings,
and dams. Ramli et al. [4] investigate crack detection in
concrete structures using triaxial accelerometers, focusing
on plain self-compacting concrete and steel-fiber-reinforced
beams. Their results demonstrate that triaxial accelerometers
are effective in locating both micro- and macro-cracks,
offering valuable data for real-time monitoring and early
warning of structural failures. Figure 2 shows a steel-fibre-
reinforced concrete beam failing after a crack formation.
Mojidra et al. [5] presented a computer vision-based method
with global motion compensation for enhanced fatigue crack
detection in civil infrastructure, particularly steel bridges.

Fig. 2. Failure in a steel-fibre-reinforced concrete beam [4].

Fig. 3. A Crack in the fuselage of an aircraft [6].

Fig. 4. A Crack in the hull of a ship [7].

Crack detection is also important in mechanical engineer-
ing. For example, cracks can form in components such as fan
blades or gear teeth, changing the behavior of the mechanical
system. The presence of cracks can lead to a change in
the vibration data collected from the mechanical system.
Researchers can detect these cracks by utilizing signal-
processing techniques. Ma et al. [8] present a Vibro-Acoustic
Signals Hybrid Fusion Model for enhanced blade crack
detection in centrifugal fans. Rangel et al. [9] utilized ML to
detect cracks in wind turbine blades via vibration signals with
impressive accuracy. Chen et al. [10] proposed an advanced
SVD-based method for gear tooth crack detection, addressing
non-fault vibrations.

Another example is the aerospace industry. Crack detec-
tion is crucial in preventing catastrophic failures. Aircraft
components such as wings, fuselage, and engine parts are
subjected to stress, making them vulnerable to cracks that
must be detected. Figure 3 shows a crack in the fuselage of
an aircraft. A study presents a technique leveraging depth-
wise separable convolution and feature pyramids to achieve
fast and precise crack detection in aircraft structures enabling
real-time application in diverse aircraft components [6].

In maritime engineering SHM is essential in maintaining
the integrity of ship hull structures, ensuring the safety of
seaborne transport crucial for global trade. In particular,
crack detection within hull structures prevents catastrophic
maritime accidents caused by structural failures, safeguard-
ing human lives, economic assets, and marine environments.
Figure 4 shows a crack in the hull of a ship.

III. SIGNAL PROCESSING

Signal processing (SP) plays a crucial role in the extraction
of features as well as the analysis of SHM data. They are
included as a part of data-driven crack detection because
they are essential for extracting, refining, and quantifying
crack-related features from raw sensor data. SP encompasses
diverse functions such as data filtering, dimensionality reduc-
tion, and temporal and spectral analysis.

Vital steps in data-driven methodology include data in-
tegration and incorporating feature engineering for effec-
tive pattern recognition. Data collected from sensors during
data acquisition and integration undergoes feature extraction.
Feature extraction isolates critical features through SP tech-
niques, facilitating the development of robust algorithms. The
features may encompass frequency-domain, time-frequency
domain, statistical, and mechanical features [11]. These
features give profound insights into the significant health
characteristics of the structure, preparing data into subse-
quent stages involving ML algorithms.

To ensure the suitability, accuracy, and effectiveness of
ML models data cleaning and organizing are needed. Data
cleaning deals with challenges like addressing noise, han-
dling outliers, and filling in missing values. SP techniques
play a pivotal role in data cleaning by eliminating noise,
filtering signals, and normalizing the data. Various filtering
techniques, such as band-pass, high-pass, and low-pass fil-
ters, can be utilized on sensor data to mitigate noise and



extract valuable information, representing a pivotal step in
the data-driven methodology.

In dimensionality reduction, subspace analysis, like Prin-
cipal Components Analysis (PCA), is widely employed.
PCA efficiently reduces data dimensionality by identifying
essential components, aiding in the detection of structural
damage [12]. PCA has many variants, including Moving
Principal Component Analysis (MPCA) and Probabilistic
Principal Component Analysis (PPCA). MPCA is well-
suited for continuous monitoring, offering enhanced accu-
racy and computational efficiency [13]. PPCA tackles the
shortcomings of PCA, particularly in managing missing data
[14]. This approach introduces probabilistic variations by
employing Gaussian latent variable models, proving effective
in situations where there may be gaps in the data.

Some SP methods employ analysis in the time domain
to extract significant characteristics from sensor data. Time
series analysis, including approaches like autoregressive
(AR) modeling, are useful to derive features in the time
domain. Many researchers utilize these models to find re-
liable damage-sensitive features for SHM applications. The
difference between the model’s output and actual data or
residuals can indicate damage.

The study conducted by Zhang, Li, and Qu proposes a
data-driven approach utilizing AR models and amplitude-
aware permutation entropy (AAPE) for diagnosing nonlin-
ear damage in civil engineering structures such as cracks,
demonstrating its efficacy through numerical simulations and
experimental data analysis [15]. Their research addresses
the limitations of current SHM techniques by focusing on
the detection and localization of minor nonlinear damage,
showcasing the superiority of AAPE-based classifiers in
capturing changes in both signal complexity and amplitude
for enhanced damage diagnosis.

Kauss et al. demonstrate the efficacy of their semi-
supervised approach for SHM in accurately localizing and
quantifying both linear and non-linear structural damage,
including instances such as cracks or loosening of bolts,
through the integration of AR models with a metaheuris-
tic algorithm and experimental validation on a three-story
laboratory frame and the Z24 bridge [16]. Employing AR,
ARMA, ARX, and ARMAX models, the method optimizes
model orders using the Progressive Deterioration Criterion.
This approach robustly addresses environmental variations
and operational uncertainties, demonstrating its versatility
and effectiveness in diverse structural scenarios.

Joshuva and Sugumaran proposed an algorithmic method-
ology by using vibration signal classification for the detection
and localization of cracks on a wind turbine blade. The fea-
ture selection technique employed was the J48 decision tree
algorithm, which effectively identified statistically significant
histogram and ARMA features for crack detection. These
features later contributed to improving the efficiency of the
classification process [17].

Fourier Transform and Wavelet Transform, popular fre-
quency domain representations, excel at capturing temporal
and frequency features, providing a holistic understanding of

structural behavior and identifying spectral features indicat-
ing cracks [12].

The Fourier Transform analyzes sensor data to exam-
ine frequency components, revealing spectral patterns that
indicate structural issues. Vashisht and Peng introduce a
novel crack detection method for rotor-bearing systems,
employing transient response analysis, Short-time Fourier
Transform (STFT), and active control strategies. Their study
underscores the efficacy of time-frequency analysis in iden-
tifying cracks amid nonlinearities like ball bearings, while
also exploring robust control methods and switching control
strategies to bolster crack detection in rotor systems [18]. Liu
et al. introduced a dual guide network for crack detection,
combining global frequency domain information with con-
volutional neural networks (CNNs) to outperform existing
methods [19]. Their method utilizes fast Fourier transform
(FFT) for low-level feature extraction, followed by CNNs to
learn local features, culminating in fused detection outcomes.

Wavelet Transform is used to extract transient features
from sensor data, enabling time-frequency analysis and
assisting in identifying cracks from signals like acoustic
emissions. The utilization of wavelet transform is a prevalent
tool used in literature for vibration-based crack detection. For
example, Zhu et al. introduced a novel wavelet-based damage
index for accurately locating and estimating the depths of
cracks in functionally graded material beams [20]. Applying
Timoshenko beam theory and continuous wavelet transform
to analyze mode shapes, the authors incorporated an intensity
factor for precise crack depth estimation. Moreover, Nguyen
et al. developed a defect identification approach in structures
subjected to moving loads by combining two independent
algorithms in wavelet analysis through DL [21]. This ap-
proach directly applies wavelet analysis to original deflection
signals, improving accuracy, and simplifying the assessment
of crack status, especially in structures with multiple cracks.
Furthermore, in research by Taher et al., a fatigue crack
monitoring approach is introduced integrating a Wireless
Large-Area Strain Sensor and a specialized algorithm [22].
The algorithm, comprising automated traffic event detec-
tion, Generalized Morse Continuous Wavelet Transform for
peak identification, and a Modified Crack Growth Index
calculation, is validated through numerical simulations and
field deployment. Spectral correlation methods are employed
for crack detection. Liu et al. pioneered a baseline-free
fatigue crack detection method using spectral correlation
to extract nonlinear modulation components from ultrasonic
responses, achieving successful early-stage detection amid
ambient noise and vibrations [23]. A method based on cyclic
spectral analysis and spectral correlation was introduced by
Prawin et al. for detecting, localizing, and characterizing
fatigue-breathing cracks in engineering structures [24]. The
technique exhibits robustness against measurement noise
and excels in the early detection of minor fatigue cracks,
offering valuable insights for implementation in challenging
environments.



IV. MACHINE LEARNING

A. Classical Machine Learning

ML algorithms are crucial in many SHM applications.
Integrating ML models into vital infrastructure allows con-
tinuous real-time monitoring and early fault detection. They
are used with vibrations and vision information and include
embedded ML, K-nearest neighbor, random forest, and sup-
port vector regression [25], [26], [27]. Unsupervised learning
methods focus on structural damage detection by training
statistical models solely on data from intact structures, mak-
ing them perceived as more practical than their supervised
counterparts for implementing early-warning damage detec-
tion systems in civil structures [12]. Supervised learning is
typically more accurate than unsupervised learning in both
localizing and quantifying damage.

Supervised learning algorithms effectively tackle both
classification and regression the domain of crack detection.
Regression models excel in estimating attributes such as the
size, depth, or location of cracks, while classification models
adeptly determine the presence or absence of cracks. For
example, Support Vector Machines (SVM) can be used to
distinguish between non-cracked and cracked regions in im-
ages [28]. Limitations have led to the adoption of ensemble
learning methods for enhanced classification performance.
Random Forests excels in addressing both regression and
classification aspects of crack detection tasks, demonstrat-
ing resilience and robust performance in navigating high-
dimensional feature spaces. In the domain where spatial
information is crucial, K-Nearest Neighbors is simple and
effective in pattern recognition and classification [29].

Unsupervised learning methods, including clustering and
association analysis, find applications in SHM across mul-
tiple domains, including damage detection, system identifi-
cation, retrofitting assessment, load effect analysis, and load
pattern recognition [11].

ML models should be adaptable over time and adjusted to
changing circumstances by being retrained with fresh data as
cracks emerge or structures deteriorate. Despite theadvance-
ments in automation, the human element remains integral in
SHM decision-making. Human experts play a crucial role in
validating findings, providing domain expertise, and making
important decisions based on the output of ML models.

B. Deep Learning

Deep learning (DL) models, classified into supervised, un-
supervised, semi-supervised, and self-learning models, excel
in different tasks such as crack classification, crack object de-
tection, and crack segmentation. Supervised learning models
are widely used for crack classification, while unsupervised
learning models are used in crack segmentation [30]. Both
semi-supervised and self-learning models leverage limited
labeled data to mitigate data quantity and quality issues.

Convolutional neural Networks (CNNs) are powerful in
detecting surface or structural cracks in images due to their
autonomous feature learning capabilities, especially when
enhanced by contour analysis, edge detection, and color

thresholding techniques. Models such as VGG, ResNet, and
DenseNet are recommended for crack classification [30].
For handling sequential data from sensors, Recurrent Neural
Networks (RNNs) prove ideal, showcasing their proficiency
in discerning temporal dependencies. For tasks requiring the
amalgamation of spatial and temporal information, Recurrent
Convolutional Neural Networks (RCNNs) and Long Short-
Term Memory Networks (LSTMs) can excel by offering
a holistic approach to intricate crack detection challenges.
Crack object detection involves architectures such as Faster
R-CNN, RetinaNet, Yolo, and SSD. Faster R-CNN stands out
for its superior accuracy in locating and categorizing cracks.
Crack segmentation uses models like Mask R-CNN, U-Net,
and pix2pix [30].

DL, particularly through Fully Convolutional Networks
(FCNs), marks a revolutionary breakthrough in image seg-
mentation. FCNs enable pixel-level predictions, showcasing
superior accuracy compared to conventional approaches. The
applications of FCNs span diverse industrial scenarios, from
surface defect segmentation to crack inspection. Concur-
rently, other models like U-Net, SegNet, Mask R-CNN, and
PSPNet, each employing an encoder-decoder architecture,
contribute substantially to image segmentation in varied
industrial applications [31].

Deep CNNs excel at accurate image classification and
pixel-level labeling, playing a crucial role in SHM for
assessing deflection, corrosion, concrete damage, fatigue, and
other structural issues. Kim et al. [32] present an approach
using DL for the objective detection and measurement of
cracks in small-scale facilities, overcoming challenges linked
to traditional, subjective inspection methods. Their frame-
work integrates CNN and image processing (IP) techniques,
demonstrating high accuracy in crack classification and seg-
mentation, with promising implications for advancing civil
engineering crack inspection methodologies. Furthermore,
Sun et al. [33] introduced a data-driven strategy for flaw
detection in structures, integrating CNN and the boundary el-
ement method (BEM). Their approach demonstrated through
both single and multiple flaw detection tasks, effectively
addressed non-uniqueness challenges. The combination of
BEM for dataset generation, block LU decomposition for
computational efficiency, and the application of data augmen-
tation techniques showcased the robustness against noise.

Researchers utilized the U-Net model as a method for
semantic segmentation based on its effectiveness in crack de-
tection within the automated image analysis process. A paper
introduces the U-Net architecture, showcasing its superior
performance in semantic segmentation, particularly in au-
tomating concrete crack detection, compared to earlier FCN-
based methods [34]. Liu et al. [35] present a two-step CNN-
based method, incorporating modified YOLOv3 for crack
detection and a modified U-Net for segmentation, show-
casing enhanced accuracy and efficiency over current state-
of-the-art approaches. This approach amalgamates crack
detection with segmentation and rectifies the shortcomings
of methodologies centered primarily on segmentation. Khan
et al.’s dense U-net model surpasses traditional methods in



railway sleeper crack detection, offering detailed insights into
crack locations and severity [36]. Their comprehensive crack
quantification algorithm, assessing length, width, area, and
ratio, contributes significantly to understanding crack severity
and ensures effective rail safety and maintenance.

Researchers explored various approaches to address chal-
lenges related to image quality, including issues like blur-
riness and insufficient pixel resolution. Bae et al [37] de-
veloped SrcNet, a two-phase DL model aiming to automate
crack detection in civil infrastructure inspections, overcom-
ing challenges in low-resolution UAV and climbing robot
images through a Residual in Residual structure for super-
resolution and a VGG-16-based network for crack detection.
Training involves high and low-resolution image pairs from
datasets like DIV2K. Experimental validation on in situ
bridges demonstrates SrcNet’s significant improvement in
crack detectability, with increased recall but a trade-off of
higher false positives.

Researchers are leveraging the power of vision and DL
to advance crack detection methodologies in concrete struc-
tures, pushing the boundaries of automated inspection and
maintenance. Ren et al. [38] revolutionized tunnel infrastruc-
ture inspection with their advanced CrackSegNet model, a
deep FCN that outperforms conventional methods in concrete
crack detection. Featuring modular design and an optimized
loss function, the model shows high potential for automa-
tion, offering a robust solution for long-term tunnel crack
inspection and monitoring.

Rajadurai et al.’s [39] study on automated crack detection
in concrete structures uses deep CNNs, specifically a fine-
tuned AlexNet model, achieving an impressive classification
accuracy. This research not only addresses the crucial aspect
of timely crack detection and repair but also underscores
the efficacy of DL, particularly AlexNet, in offering efficient
solutions to challenges in aging concrete infrastructure, thus
enhancing structural reliability.

Shim et al. [40] introduced an advanced deep neural
network with adversarial learning and stereo-vision-based
triangulation, enhancing crack detection and enabling pre-
cise 3D reconstruction. Additionally, their semi-supervised
learning strategy, optimizing training data ratios, effectively
addresses challenges in recognition performance under new
environmental conditions, providing a holistic solution to
improve the efficiency and applicability of crack detection
in concrete structures.

Zhang et al. [41] introduced a method for non-contact
inspection of concrete bridge cracks, using binocular stereo
vision and a FCN for semantic segmentation. Their approach
not only achieved impressive pixel-level crack detection
precision but also demonstrated enhanced shooting flexibil-
ity and three-dimensional reconstruction, overcoming con-
straints of traditional frontal image acquisition and offering
a comprehensive dimensional depiction of concrete cracks.

C. Transfer Learning

Transfer learning (TL) is essential in SHM for rapid
training of neural networks in image classification tasks. TL

involves utilizing a pre-trained neural network on a larger
dataset and fine-tuning it for a new, analogous classification
task with a smaller dataset. This method significantly reduces
training time by transferring preexisting weights from the
base model. The depth of neural networks poses a chal-
lenge, demanding substantial time and data for training. TL
addresses this by incorporating prior knowledge, enabling
efficient fine-tuning with lower computational costs and less
extensive data requirements.

Various TL strategies are implemented based on the degree
of similarity between target and source domains. In the
context of CNNs, a common practice involves freezing
convolutional layers while fine-tuning fully connected layers,
optimizing the model for the specific SHM task [3]. Many
pre-trained Deep Neural Networks are frequently utilized
in SHM and crack detection, including AlexNet, VGG16,
Inception, ResNet, GoogleNet, and ZFNet. CrackNet is a
CNN designed explicitly for crack detection on 3D asphalt
surfaces [42]. The model is characterized by robustness,
performance speed, as well as precision, and recall rates.

Dung et al. [43] present an approach to early fatigue
crack detection in gusset plate joints of aging steel bridges
using deep CNN. Their study explores 3 methods: building
a shallow ConvNet from scratch, transfer learning using
VGG16 architecture features, and fine-tuning the top layers
of VGG16. The authors highlight the efficacy of trans-
fer learning, leveraging the pre-trained VGG16 model to
enhance crack detection. The image dataset incorporates
photographs from fatigue tests and bridge inspections, with
data augmentation for improved training. Results indicate the
highest accuracy for fine-tuning methods.

V. CONCLUSION
Crack detection is essential in several domains to maintain

structural integrity. Developments in sensor technology have
propelled a shift toward data-driven methodologies. This
overview highlights recent studies employing data-driven ap-
proaches using signal processing (SP) and machine learning
(ML) techniques for fatigue crack detection. SP is used in
feature extraction and data analysis, while ML methods,
including deep learning (DL), are highly used for crack
detection. Transfer learning is valuable to accelerate and
optimize the training of DL models, enhancing their effec-
tiveness in crack detection. Although data-driven techniques
excel in crack detection, challenges remain in real-world
applicability, noise robustness, and generalizability across
materials. Future research may focus on edge computing
solutions for real-time deployment and hybrid models that
combine physics-based and data-driven approaches. Stan-
dardized benchmarks and synthetic data generation could
improve scalability and performance validation.
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