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ABSTRACT

Long-distance pipelines are essential for transporting oil and gas, with the quality of welds directly
affecting their safety and reliability. Weld defects can emerge during the welding process due to
improper techniques or environmental factors, which can result in pipeline leakage or rupture that pose
a public safety and environmental risk and can lead to significant economic losses. Therefore, effective
weld defect detection is crucial to ensure the safe operation of long-distance pipelines. Although
traditional X-ray inspection is commonly used to detect weld defects, it is inefficient and subjective due
to its dependence on manual analysis. New developments in computer vision have significantly
improved the efficiency and accuracy of automated technology for defect recognition in pipeline weld X-
ray images. As a result, there is an urgent need for a comprehensive review to support the development
of this field and provide valuable insights. This paper comprehensively evaluates the progress in the
technology for the intelligent recognition of defects in pipeline weld X-ray images, focusing on pre-
processing and defect detection techniques. This review explores three key directions for intelligent
weld defect recognition: signal processing, feature design, and deep learning-based methods. Deep
learning-based defect recognition techniques were examined in detail from five primary perspectives:
dataset creation, image classification, semantic segmentation, object detection, and performance
evaluation. Finally, the challenges and future development trends in the intelligent recognition of de-
fects in pipeline weld X-ray images are discussed, emphasizing areas that require further research and
innovative advancements.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).

1. Introduction

China reached 180,000 km, with projections indicating an
expansion to 240,000 km by 2025 (Yang et al., 2024b). Welding is

As major fossil fuels, oil and gas are vital for global survival and
development (Li et al., 2024b). These resources support economic
stability and ensure global energy security (Li et al., 2024b). Long-
distance pipelines (Kiyingi et al., 2022) are extensively used for oil
and gas transportation due to their high efficiency and low cost (Li
et al, 2022; Lu et al., 2024; Miao and Zhao, 2024; Qiu et al., 2024;
Wau et al., 2021; Xu et al., 2010; Zhang et al., 2024). By the end of
2022, the total mileage of long-distance oil and gas pipelines in
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critical during long-distance pipeline construction to ensure
structural integrity and durability (Huang et al., 2019; Wang et al.,
2022a; Zhang et al., 2022a). However, variations in the welding
process and environmental conditions can cause defects, such as
porosity, cracks, and incomplete fusion in the weld seams (Li et al.,
2023a; Zhang et al., 2023b). The subsequent pipeline leakage can
easily lead to safety risk and accidents, such as explosions, causing
serious economic losses and environmental pollution (Wang et al.,
2023). The rapid growth in oil and gas demand has promoted the
development of pipeline transportation, necessitating the effective
detection of pipeline weld defects (Zhu et al., 2023).
Non-destructive testing (NDT) techniques are widely used to
detect welding defects due to their non-invasive nature and high
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efficiency, and include ultrasonic, eddy current, infrared, mag-
netic leakage, and X-ray methods (Wang et al., 2022b; Zhang
et al., 2023c). X-ray techniques are particularly notable for their
ability to produce high-resolution images that clearly reveal
detailed information about weld defects, making them an intui-
tive approach for defect identification (Abdelkader et al., 2021).
Currently, X-ray film photography is a primary method for on-site
weld inspection. This process involves passing X-rays through the
weld to create a negative image on the X-ray film. After devel-
opment, the internal structure and defects of the weld become
visible. However, this method presents several challenges, such
as film contamination and potential loss, while it largely relies on
manual analysis, which is time-consuming and labor-intensive.
Furthermore, misjudgments and missed defects due to subjec-
tive interpretation are common, which significantly increase the
complexity of defect evaluation (Kumar et al., 2023). Beyond the
challenges arising from subjective interpretation, the quality of
pipeline weld X-ray images significantly impacts the efficacy of
manual inspection (Gupta et al., 2023; Yan, 2024). In practical
applications, pipeline weld X-ray images often exhibit low
contrast and brightness due to multiple factors, including vari-
ability in the X-ray radiation source energy, variations in the
transmission angle, limitations in digitization equipment accu-
racy, and environmental interference. Poor contrast renders the
grayscale differential between defects and background regions
insignificant, increasing the difficulty of detecting subtle faults.
Low brightness results in image detail loss, compromising ac-
curate defect boundary localization, while variations in pipeline
diameter present another significant challenge for defect detec-
tion. Substantial differences are evident between the image
characteristics, defect representation features, and background
complexity of large- and small-diameter pipeline weld X-ray
images (Lv, 2022). The weld X-ray images of large-diameter
pipelines typically exhibit broader weld areas, more complex
background structures, and more significant interference fea-
tures while those of small-diameter pipelines show narrower
weld regions and more pronounced edges. Weld defects in small-
diameter pipelines are spatially concentrated yet smaller in size
due to constraints on wall thickness and curvature, rendering
them more susceptible to noise interference and imaging angle
effects (Shi et al., 2023a; Yang et al.,, 2025). These diameter-
dependent image characteristics necessitate the use of varying
observational foci and evaluation criteria for different pipeline
diameters, which may lead to inconsistent detection outcomes.

The rapid advancement of automation and artificial intelligence
has increasingly promoted the adoption of sophisticated image
processing and computer vision techniques for weld defect
detection (Yang et al., 2023b, 2024a). Deep learning, which emu-
lates the neural architecture of the human brain, exhibits
remarkable capabilities in complex image analysis tasks (Li and
Gao, 2019; Sun et al., 2024). Nevertheless, image quality degra-
dation and variations in pipeline diameter present substantial
challenges for automated detection systems, particularly these
based on deep learning. Images with low contrast and poor
brightness can significantly impair the feature extraction capa-
bilities of deep learning models, while noise interference com-
promises model generalization. Furthermore, the distinct imaging
characteristics between large and small-diameter pipelines
introduce domain adaptation challenges since models trained on
specific diameter ranges often exhibit limited transferability
across different pipeline geometries. Despite these technical dif-
ficulties, these advanced methodologies can augment or poten-
tially replace manual inspection processes, substantially reducing
subjective variability while enhancing both detection accuracy and
operational efficiency.

2137

Petroleum Science 23 (2026) 2136-2174

Defect recognition in X-ray images of pipeline welds commonly
involves three key components: X-ray image collection, image
preprocessing, and defect recognition (Hou et al., 2020). As shown
in Fig. 1, this paper focuses on the methods used for pipeline weld
X-ray image preprocessing and the subsequent defect recognition
process. It systematically reviews the advancements in image
processing and computer vision technologies used for weld X-ray
image defect detection. First, the various methods used for pipe-
line weld X-ray image preprocessing are introduced, including
noise reduction and image enhancement techniques. Second, the
paper delves into the current research progress on three primary
approaches for weld defect recognition: signal processing, feature
design, and deep learning-based methods. Third, five key areas of
deep learning-based detection techniques are discussed: dataset
development, image classification, semantic segmentation, object
detection, and performance evaluation. This review concludes by
summarizing the current state of the related research and
reviewing the potential future developments in this field.

2. Pipeline weld X-ray image preprocessing method

Radiation source variations, digitizing equipment limitations,
and the inherent complexity of weld structures can cause noise,
uneven gray values, and blurriness in weld X-ray images.
Furthermore, the uneven gray values cause low contrast between
weld defects and the surrounding background, resulting in unclear
defect edges. Pipelines with different diameters exhibit distinct
weld X-ray image characteristics. The weld X-ray images of large-
diameter pipelines typically display complex noise distribution
and higher background interference, while those of small-
diameter pipelines demonstrate pronounced edges, with smaller
faults that are more susceptible to noise interference. These
challenges impede accurate weld defect evaluation, necessitating
preprocessing to improve weld X-ray image quality.

2.1. Noise reduction method of pipeline weld X-ray image

Pipeline weld X-ray images mainly contain photoelectronic
noise generated during the photoelectronic conversion process
and electronic noise due to the random thermal motion of elec-
tronic devices. The noise can be categorized into Gaussian noise,
salt-and-pepper noise, and a combination of the two. The mixed
noise model is shown in Eq. (1):

Nm =Ng + Nsp (1)
where N, denotes mixed noise, Ng signifies Gaussian noise, and
Nsp represents salt-and-pepper noise.

The traditional methods used for noise reduction in weld X-ray
images can be broadly classified into: spatial and frequency
domain filtering. Spatial domain filtering methods, such as mean
(Xu et al., 2005a), Gaussian (Ajmi et al., 2019), and median filtering
(Kumar et al., 2018; Wang and Han, 2002; Xu et al., 2005b), are
commonly used to reduce noise in weld X-ray images due to their
simplicity and straightforward implementation. However, the size
of the filter window significantly influences the efficacy of median
and mean filtering. Additionally, mean and Gaussian filters tend to
damage image details and cause edge blurring. While median
filtering helps preserve edge clarity, it is less effective at reducing
Gaussian noise. Contrarily, appropriately designed frequency
domain filters can effectively remove noise while preserving edge
and detail information. Wiener filtering (Xu et al.,, 2005a) is a
popular frequency-domain method used to reduce noise in weld
X-ray images. It reduces the minimum mean square error (MMSE)
between the output and ideal signals by analyzing the statistical
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Fig. 1. A diagram of intelligent defect recognition in oil and gas pipeline weld X-ray images.

characteristics of both the signal and the noise. However, the ef-
ficacy of Wiener filtering depends heavily on the accuracy of the
statistical signal and noise models. Model deviation from reality
compromises the noise reduction performance. Furthermore,
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since Wiener filtering is based on the Gaussian noise model to
optimally estimate the statistical features of noise, it performs
poorly when dealing with non-Gaussian noise types. In addition to
traditional spatial and frequency domain filtering techniques,
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wavelet transform (Liu, 2007; Xu et al., 2005b; Yang and Wang,
2009) has gained popularity for weld X-ray image noise reduc-
tion due to its ability to perform multiscale analysis. However, the
success of wavelet-based noise reduction largely depends on the
proper selection of wavelet coefficients and thresholds. In sum-
mary, although traditional methods are extensively used to reduce
noise in weld X-ray images, they present limitations. The subjec-
tive selection of filter parameters can impact the noise reduction
efficacy and result in image detail loss. Additionally,
these methods may not be sensitive to the mixed noise types
often present in weld X-ray images, further limiting their
applicability.

Various adaptive noise reduction methods based on traditional
techniques have been applied to weld X-ray images to reduce the
reliance on subjective parameters and optimize the noise reduc-
tion efficacy. These methods include adaptive Wiener filtering
(Vilar et al., 2009a; Zapata et al., 2011), adaptive median filtering
(Hwang and Haddad, 1995), and adaptive wavelet noise reduction
(Li et al., 2011). Adaptive Wiener filtering reduces noise by calcu-
lating the mean and variance of local pixels and adjusting the
degree of smoothing applied to each region based on the magni-
tude of the variance. Less smoothing is applied to regions with
higher local variance to preserve more detailed information (Vilar
et al., 2009a, b; Zapata et al., 2011). Gaussian low-pass filters are
often used in conjunction with adaptive Wiener filtering to further
optimize noise suppression (Vilar et al., 2009a, b; Zapata et al.,
2011). Adaptive median filtering adjusts the window size based
on whether the median of the original window exceeds a certain
threshold, allowing for adaptive noise reduction (Hwang and
Haddad, 1995). Since establishing an appropriate threshold be-
comes more complex as the noise density increases, the adaptive
median filter may fail to effectively distinguish between noise and
image details, resulting in blurring. To address this, a two-layer
noise monitoring mechanism is introduced, which uses the
maximum, minimum, and median pixel values in the window to
optimize the adaptive median filtering threshold (Zhan et al.,
2018). Additionally, weighting the mean and median pixel values
in the active window helps remove noise while preserving detail
information more effectively (Zhan et al., 2018). Adaptive wavelet
noise reduction estimates the local noise variance of wavelet co-
efficients using the maximum variance method and dynamically
adjusts the thresholds of these coefficients via Bayesian shrinkage.
This process reduces noise while preserving image details, which
enhances overall noise reduction performance (Li et al., 2011).

Several advanced methods have been introduced to optimize
noise reduction in weld X-ray images and minimize the trade-off
between noise suppression and detail preservation. These
include non-local mean filtering (Buades et al., 2005), nonlinear
diffusion filtering (Perona and Malik, 1990), bilateral filtering
(Tomasi and Manduchi, 1998), blind signal separation noise
reduction (Shen, 2020), and total variation noise reduction (Rudin
et al., 1992). Non-local mean filtering enhances noise reduction
performance by exploiting non-local self-similarity within the
image. It uses similarity metrics to search for pixel blocks corre-
sponding to the target pixel. Then the weighted average of these
blocks is calculated to estimate the clean pixel values, which
effectively reduces noise while preserving image details (Buades
et al, 2005). Commonly used similarity metrics include the
weighted Euclidean distance and Gaussian kernel (Lee et al., 2019).
However, while non-local mean filtering excels at detail preser-
vation, its performance is limited in low- and high-noise regions
with low contrast. To address this, a relationship equation is
established between the noise variance and gray value, enabling
dynamic and adaptive adjustment of the noise variance (Cha et al.,
2023). This allows for the prediction of the optimal parameter
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combination for the non-local mean algorithm. Consequently, the
filter can improve noise reduction in high-noise regions while
decreasing the filtering strength in low-noise regions, conse-
quently preserving more details. Additionally, improved local
noise reduction filtering (Shi et al., 2011) and neighborhood
filtering (Shi et al., 2013), which are based on this noise variance
estimation method, dynamically adjust the filtering parameters.
This adaptive approach helps to avoid excessive smoothing,
effectively balancing noise suppression and detail retention.
Nonlinear diffusion filtering reduces noise by iteratively solving
nonlinear partial differential equations. This method involves
establishing an appropriate nonlinear diffusion coefficient, which
is adjusted to suppress noise while preserving image details.
Nonlinear diffusion filtering can be divided into nonlinear
isotropic diffusion filtering and nonlinear anisotropic diffusion
filtering according to the type of diffusion coefficient used
(Weickert, 1998). Anisotropic diffusion filtering, which considers
both local pixel intensity and gradient information, generally
performs better than isotropic filtering in retaining detail while
reducing noise (Faridafshin et al., 2021). To enhance the noise
reduction performance of nonlinear anisotropic diffusion filtering,
images are often decomposed into sub-bands representing fea-
tures at different scales using wavelet transform. Anisotropic
diffusion is then applied in the wavelet domain, which enhances
the effective preservation of fine details (Boudani and
Nacereddine, 2019). However, the performance of nonlinear
anisotropic diffusion filtering may be limited in low-contrast re-
gions due to its reliance on a fixed number of iterations or a
standard termination criterion. This can result in an inability to
effectively balance noise reduction and detail preservation. To
address this issue, the grayscale probability is incorporated into
the diffusion coefficients to improve noise reduction in low-
contrast areas (Malarvel et al., 2017). Additionally, an entropy-
based stopping criterion is introduced to prevent excessive
smoothing that may lead to detail loss (Malarvel et al., 2017).
Despite its efficacy, nonlinear anisotropic diffusion filtering re-
quires significant computational resources since it calculates gra-
dients in four directions for each iteration to determine the
diffusion coefficient. A more efficient approach has been devel-
oped to reduce computational complexity. This method de-
termines the diffusion coefficient according to the local pixel
intensity distribution and only calculates the gradients in the
horizontal and vertical directions, which significantly reduces
computational cost (Michel-Gonzalez et al, 2011). Bilateral
filtering simultaneously considers spatial proximity and gray value
similarity, using a Gaussian function to quantify these factors as
weights, which are then used for weighted pixel averaging to
effectively reduce noise while preserving image details (Tomasi
and Manduchi, 1998). Although bilateral filtering can mitigate
the trade-off between noise reduction and detail preservation, it
struggles to accurately distinguish edges in images containing
inhomogeneous gray values, resulting in edge blurring. Therefore,
a grayscale compensation function is introduced to dynamically
adjust the weights according to the similarity between the pixel
grayscale levels (Lu and Huang, 2022). This improves the ability to
distinguish between noise and edges, which protects edge details
while still reducing noise. Canny edge detectors are also employed
for edge detection. A cost function is used to select the most
relevant pixels in the edge regions, which compensates for the
detail loss that often occurs during traditional bilateral filtering
and improves image clarity (Cha et al., 2023). Blind signal sepa-
ration noise reduction isolates noise from the source signal by
analyzing the statistical properties of the image and directly esti-
mating the individual signal components. The methods commonly
used to assess these statistical properties include independent
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component analysis, principal component analysis (PCA) (Shen,
2020), and nonlinear principal component analysis (Shen et al.,
2020). To enhance the efficacy of blind source separation for
noise reduction and image detail preservation, the original signals
are iteratively separated using deflation techniques (El-Tokhy and
Mahmoud, 2015). This process involves extracting the desired
source signals using methods such as peak maximization,
quadratic gradient, and cyclic smoothing to optimize noise
reduction and minimize detail loss. The total variation method
reduces noise by iteratively minimizing an energy function that
combines the data fidelity and regularization terms. The regula-
rization term consists of the sum of the image gradient and the L,
norm, where the L; norm is used to control the degree of regula-
rization. Adjusting the L; norm helps preserve image details,
particularly at the edges of weld X-ray images, while reducing
noise. This approach prevents excessive smoothing, which can
cause blurring of important edge structures (Cho and Lee, 2018;
Faridafshin et al., 2021; Lee, 2019).

Although adaptive and advanced techniques can effectively
optimize noise reduction and minimize detail loss, single noise
reduction methods still face limitations in dealing with mixed
noise. Therefore, hybrid noise reduction models have been
developed by combining the strengths of multiple filters to
enhance mixed noise reduction efficacy. Since median filtering is
particularly effective at handling salt-and-pepper noise and
wavelet transform excels at reducing Gaussian noise, these ap-
proaches are commonly combined to reduce mixed noise. How-
ever, median filtering and wavelet transform performance are
highly sensitive to subjective parameters. Consequently, a mixed
noise model (Shen et al., 2014), incorporating adaptive weighted
median filtering (Zhan et al., 2018) and adaptive wavelet trans-
form, is employed to improve the results. Computationally simple
mean filtering is often combined with median filtering to further
reduce mixed noise. A noise intensity estimation model is intro-
duced to decrease the reliance on specific filtering window sizes
and enhance noise reduction. This model adaptively adjusts the
filtering window according to variations in noise intensity (Zhang
et al., 2021d).

Convolutional neural networks (CNNs) (Li et al.,, 2005) are
increasingly used to reduce noise in weld X-ray images due to the
rapid development of deep learning. Compared to traditional
methods, deep learning-based noise reduction models can auto-
matically learn complex patterns (Luo et al., 2023). The parameters
of these models are optimized using large datasets, resulting in
superior noise reduction performance. In addition to classical
CNNs, more advanced architectures such as U-Net (Kim et al.,
2019) and denoising autoencoders (Farooq and Savas, 2024) have
been employed to reduce noise and predict cleaner weld X-ray
images. However, conventional deep CNNs typically consider
pixel-wise differences between the noisy and clean images, which
can result in over-smoothing and vital detail loss. Therefore,
generative adversarial networks (GANs) have been introduced to
address this issue and improve the post-noise reduction image
quality. GANs generate images with more natural textures by
incorporating a more complex loss function that constrains the
generator, effectively preventing over-smoothing (Sun et al.,
2018b). Additionally, self-supervised learning leverages the im-
ages themselves to reduce noise and the reliance on paired
training datasets, which significantly minimizes detail loss (Qian
et al,, 2024).

In summary, traditional filtering methods, such as spatial and
frequency domain filtering, are limited by subjective parameters
that can affect their noise reduction efficacy, often resulting in
the loss of image detail. While adaptive filtering methods
improve the balance between noise reduction and detail
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preservation by decreasing the reliance on subjective parame-
ters, their performance is still constrained by factors such as
noise type and parameter settings. Therefore, more advanced
noise reduction techniques have been introduced, such as non-
local mean filtering, nonlinear anisotropic diffusion, and blind
signal separation. These methods enhance the balance between
noise reduction and detail preservation by employing more so-
phisticated mathematical models and algorithms. Due to their
unique formation process, weld X-ray images are often affected
by mixed noise, which presents a challenge for single noise
reduction methods. Consequently, noise reduction models have
been proposed that combine multiple filters to optimize the ef-
ficacy in mixed noise scenarios. Unique noise characteristics
must also be considered when denoising the X-ray images of
pipelines with different diameters. Mixed noise issues are
prominent in large-diameter pipeline weld X-ray images due to
wide weld regions and complex backgrounds. Therefore,
denoising methods must simultaneously address multiple noise
types while preserving complex background features. Hybrid
denoising models combined with appropriate edge-preserving
techniques are more suitable for these applications. Narrow
weld regions and smaller defects represent the primary chal-
lenges in small-diameter pipeline weld X-ray images, which
require the precise retention of subtle features while suppressing
noise. Edge-preserving methods such as nonlinear anisotropic
diffusion and improved bilateral filtering are more applicable in
these scenarios. In recent years, deep learning models have
emerged as a powerful tool for reducing noise in weld X-ray
images due to their considerable learning capabilities and
adaptability. These models can effectively address various noise
types and preserve image details while reducing noise. Despite
the improved performance of deep learning-based noise reduc-
tion models, their applicability is limited by the constraints of
available datasets. Additionally, since current deep learning
models tend to focus on learning complex noise patterns from
data, they often neglect the underlying principles of noise for-
mation, which can substantially decrease their performance.
Therefore, future research should focus on developing deep
learning noise reduction models that can be trained with limited
data using unsupervised or self-supervised methods, to over-
come dataset limitations. Moreover, integrating physical- and
data-guided approaches to create noise reduction models
informed by physical principles can further enhance the perfor-
mance of deep learning models.

2.2. Enhanced method of pipeline X-ray weld image

Pipeline weld X-ray images are digital representations of weld
X-ray films, created using industrial negative digitizing and scan-
ning equipment. However, various factors can substantially reduce
X-ray images quality, including equipment limitations, environ-
mental conditions, and improper digitizer operation, which can
hinder defect assessment. Therefore, several image enhancement
methods have been proposed to enhance the quality of X-ray im-
ages by improving their brightness, contrast, and detail. These
techniques can be categorized into spatial-domain, frequency-
domain, physical model-based, and deep learning-based
enhancement methods.

Spatial domain enhancement methods employ the original
image data. Pixel values are modified by utilizing either individual
pixels or local relationships between pixels to improve image
quality. Traditional spatial domain enhancement methods pri-
marily include linear transformation (Luo et al., 2024), logarithmic
transformation (Liu et al, 2021; Luo et al., 2024), contrast
stretching (Thien et al., 2017; Njogu, 2016), and histogram
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equalization (Li, 2016; Luo et al., 2024). Contrast stretching and
histogram equalization are particularly effective. Contrast
stretching improves overall contrast by mapping the gray values to
a new range using a mapping function. However, simple contrast
stretching can cause improper exposure and detail loss in images
with uneven lighting. Consequently, local contrast stretching has
been proposed, which considers the statistical properties of local
regions and applies different mapping functions to various image
areas for optimization (Liu, 2016). While local contrast stretching
yields better results, it may introduce edge halos when a large
luminance difference is evident between the two sides of an image
edge. Fuzzy entropy is used to dynamically adjust the degree of
local contrast stretching to further enhance its performance (Guo
et al., 2023), which helps preserve edge information while
improving image details. Since noise often shares high-frequency
characteristics with image edges and textures, local contrast
stretching can inadvertently amplify noise during the contrast
enhancement process. Therefore, statistical features, such as mean
and standard deviation, are used to segment the original image
into foreground, boundary, and problematic regions (Mustafa
et al., 2022). Local contrast stretching is then applied to the
problematic regions, while global contrast stretching is used for
the other areas to effectively reduce noise (Mustafa et al., 2022).
Histogram equalization enhances image contrast by mapping pixel
values to a new range, aiming for an approximately uniform pixel
intensity distribution (Freeman, 1990). This approach is commonly
used to enhance weld X-ray images due to its simplicity and
straightforward implementation. However, it has certain limita-
tions, including amplified noise, over-enhancement, fine detail
loss, and unnatural results. These issues can be mitigated by the
introduction of contrast limited adaptive histogram equalization
(CLAHE) (Dang et al., 2015; Pisano et al., 1998), which limits over-
enhancement and minimizes noise amplification by dividing the
image into smaller regions, while using a predefined threshold to
control the enhancement intensity. Sub-histogram equalization
further refines the enhancement process by segmenting the image
histogram according to the illumination thresholds, which in-
creases control. It also corrects the cumulative distribution func-
tion (CDF), probability density function (PDF), and output function
curve to improve the contrast while preserving the brightness for a
more natural result (Zhao et al., 2020). Advanced methods such as
bilateral filtering (Zhao, 2021; Zhao et al., 2020) and anisotropic
diffusion filtering (Dang et al., 2015) are often applied after
enhancement to decrease noise levels and enhance image quality.
Since different weld defects exhibit distinct texture patterns in
weld X-ray images, textural details are critical for accurate defect
identification. Therefore, enhancement techniques focused on
neighborhood-based information processing are proposed to
improve image contrast and textural detail. These methods exploit
the spatial correlation between neighboring pixels and include
local pixel grouping (Movafeghi et al., 2015), variance (Chen, 2016;
Li et al., 2024d), and deviation (Han et al., 2023). Local gradient
field enhancement techniques employ pixel intensity gradients to
enhance edges and other important features, consequently
improving local contrast and reducing detail loss (Zhou et al.,
2019). However, the sole use of this technique reduces visual
quality since it disregards the global characteristics of the image.
Therefore, the concept of minimum perceptual difference is used
to divide the image into four luminance regions and adjust the
gradient according to the luminance of each, which ensures that
the enhancement is more consistent with human visual percep-
tion (Zhao, 2018). In addition to spatial domain enhancement
methods, Jiang et al. (2017) proposed a pseudo-color enhancement
approach based on color-space transformation. The hue-
saturation-intensity (HSI) color space and pixel self-
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transformation techniques were employed to effectively improve
the quality of low-grayscale, low-contrast pipeline weld X-ray
images by adaptively adjusting the image intensity and hue
parameters.

Although traditional spatial domain enhancement methods can
effectively improve image quality, they are limited when dealing
with textural details and noise, particularly due to the high-
frequency characteristics of image edges and textures. One sig-
nificant drawback is the potential loss of textural details. While
optimizing traditional spatial domain enhancement techniques
can improve performance, this often involves more complex
algorithmic designs. Frequency-domain enhancement methods,
such as discrete Fourier transform (DFT) and cosine Fourier
transform (CFT), improve textural details by analyzing its fre-
quency or wavelet domain features. However, CFT methods can
introduce artifacts, especially in complex images such as weld X-
rays (Movafeghi et al., 2023). Additionally, the low-frequency DFT
resolution in low-resolution images can hinder detail recovery,
which negatively affects image quality. Therefore, high-pass filters
have been introduced (Rajab et al., 2007), which enhance the high-
frequency DFT components, helping to highlight image details and
improving the adaptability of the method to low-resolution im-
ages (Rajab et al., 2007). Unlike CFT and DFT, wavelet transform has
been increasingly applied to enhance weld X-ray images due to its
multiscale analysis capabilities and strong adaptive performance.
Wavelet transforms employ thresholding, gain adjustment, or
nonlinear transforms to enhance high-frequency information. To
reduce the dependence on manually established wavelet thresh-
olds, Rayleigh distribution is used for automatic threshold esti-
mation to adaptively enhance the image details (Yahaghi et al.,
2021).

Although both the individual spatial-domain and frequency-
domain enhancement methods demonstrate strong performance,
each focuses on specific areas. Spatial-domain enhancement
methods primarily improve brightness and contrast, while
frequency-domain techniques concentrate on enhancing textural
details. Since properly designed frequency-domain methods can
simultaneously enhance texture and reduce noise, hybrid methods
have been proposed that integrate both to improve weld X-ray
image quality. Common hybrid enhancement methods typically
use spatial-domain techniques to enhance image brightness and
contrast, after which frequency-domain strategies are employed to
highlight specific details or reduce noise (Movafeghi et al., 2005;
Sadah et al., 2013). The spatial-domain techniques used in these
hybrid methods include histogram equalization (Sadah et al,
2013), power law transform (Sadah et al., 2013), and morpholog-
ical transformations (Sadah et al, 2013). Commonly used
frequency-domain methods include Gaussian low-pass filters
(Sadah et al., 2013), Butterworth filters (Sadah et al., 2013), and
wavelet transforms (Movafeghi et al., 2005). Moreover, a more
sophisticated hybrid enhancement method has been proposed to
reduce noise and enhance textural details due to their critical
importance during weld defect analysis (Wang, 2015). This
method first applies wavelet transform in the frequency domain to
preserve details while reducing noise. Next, local histogram
equalization is employed in the spatial domain to improve
contrast. Finally, homomorphic filtering is applied in the frequency
domain to optimize image brightness and contrast.

Although spatial-domain and frequency-domain enhancement
methods can significantly improve image quality, these ap-
proaches primarily rely on the mathematical or statistical image
processing properties without considering the underlying forma-
tion principles of the original or enhanced images. Consequently,
these methods are less robust and may display poor enhancement
efficacy when used for lower-quality or more complex images,
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such as weld X-ray images, which often exhibit higher darkness
levels. These limitations can be addressed by constructing a
physical model that simulates the weld X-ray imaging process for
more effective quality improvement. Physical models typically
include approaches based on simple ray scattering, image signal
processors, and Retinex theory. The simple ray scattering model is
adapted from the atmospheric scattering model (Tang et al., 2024)
for X-ray imaging, which suggests that an X-ray image consists of a
combination of direct transmission and scattered X-rays. This
model primarily describes the scattering phenomenon that occurs
when X-rays pass through an object and how this affects image
quality (Zhang, 2022; Zhang et al., 2021c). The image quality is
enhanced by introducing dark channel prior constraints to esti-
mate both the direct transmission function and scattering in-
tensity (Kim et al., 2018). The simple ray scattering model is then
used to calculate the image intensity (Kim et al., 2018). In addition,
boundary constraints and context regularization are applied to
ensure more accurate projection estimation and to enhance the
preservation of key image features (Zhang, 2022; Zhang et al.,
2021c). The image signal processor model is primarily used to
construct mapping functions that describe the relationship be-
tween the blackness of solid X-ray film and the grayscales in digital
images. These functions predict the corresponding grayscales at
various black levels, ultimately optimizing image brightness. A
human vision model, similar to the digital imaging system model,
can also be used to enhance weld X-ray images (Chang et al., 2019).
The image signal processor and human vision models are often
combined for a more accurate mapping to further enhance efficacy
(Mu et al., 2013). This combined model predicts grayscales more
effectively, which ensures that the enhanced image aligns better
with the visual characteristics of the human eye. The Retinex
model is based on the reflectance imaging illumination model,
which assumes that an image can be decomposed into light and
reflectance components. The goal is to restore the illumination
information of an object by recovering or estimating the surface
reflectance, consequently enhancing the contrast and details of an
image (Land, 1978). Retinex models are mainly categorized into
single-scale, multiscale, and variable-frame models (Li, 2016).
Single-scale Retinex models usually estimate the illumination
component using a filter, which is subtracted from the original
image to obtain the reflectance component. A fixed-scale Gaussian
filter is typically used to estimate the illumination. However, since
the single-scale Retinex model can exhibit bias due to the nature of
the fixed-scale filter, it is often combined with other contrast
enhancement and edge sharpness algorithms to extract key image
information and further improve image quality (Mei et al., 2023).

The multiscale Retinex model uses Gaussian filters of varying
scales to estimate the light component, which effectively reduces
artifacts and distortions, particularly in images with uneven illu-
mination. Although logarithmic transformation is often utilized
for image stretching to simplify computation, this can yield pixel
values that exceed the display range, resulting in textural detail
loss and image ghosting. Consequently, alternative methods such
as S functions (Chen, 2016; Zhao, 2021) or power-function-based
composite functions (Zhou, 2020) are used for image stretching
instead of logarithmic transformation to minimize this issue.
Although the performance can be improved by enhancing the
multiscale Retinex model, selecting appropriate scales and weight
coefficients remains a significant challenge. Improper scale and
weight selection can cause image distortion, excessive smoothing,
and detail loss. Additionally, both the single and multiscale Retinex
models tend to amplify noise, especially in low-light images. To
address these challenges, the variable-frame Retinex model in-
troduces additional constraints to estimate the illumination and
reflectance components (Cheng et al., 2009). The variable-frame
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model aims to improve image detail preservation and noise
reduction by optimizing these components over several iterations.

Deep learning-based methods show significant potential for
enhancing pipeline weld X-ray images. Unlike traditional
methods, these approaches automatically learn and extract
complex features from images to enhance them using techniques
such as GAN (Krichen, 2023) and U-Net (Ronneberger et al.,
2015). Image classes are used to construct a conditional GAN,
which guides the generator to produce images based on specific
conditions, consequently improving image quality. U-Net utilizes
an encoder-decoder architecture, where the encoder captures the
image features, and the decoder reconstructs the image. Image,
textural, and structural similarity loss values are often combined
to guide the U-Net image recovery process in enhancing contrast
and reducing detail loss (Yang et al., 2022a). Furthermore,
Retinex-Net (Wei et al., 2018), a deep learning model based on
Retinex theory, is frequently employed to enhance low-light
images. Incorporating an attentional mechanism into Retinex-
Net enhances brightness and contrast while minimizing noise
amplification in X-ray images with significant dark regions (Qian
et al., 2024).

In conclusion, although traditional spatial domain enhance-
ment methods are easy to implement, they present certain limi-
tations, such as detail loss, improper exposure, and noise
amplification. While improved spatial domain methods can
address some of these issues, they often increase algorithmic
complexity. Additionally, although spatial domain techniques that
process neighborhood information are increasingly used to
enhance image quality, the choice of local neighborhoods still
constrains their performance. Contrarily, while frequency domain
enhancement methods focus on processing frequency or wavelet
domain features to enhance textural details, these methods can
introduce artifacts, especially in high-noise images. Therefore,
hybrid methods that combine spatial and frequency domain
techniques are used to enhance weld X-ray images that display
minimal noise, clearer detail, and improved overall contrast. The
image characteristics must also be considered when enhancing the
weld X-ray images of pipelines with different diameters. Single
global enhancement methods display limited efficacy for large-
diameter pipeline weld X-ray images due to wide weld regions
and uneven illumination issues. Hybrid enhancement techniques
can better handle extensive grayscale variations. Specifically,
methods that combine local histogram equalization and frequency
domain filtering can improve overall contrast while preserving
local details. The noise amplification and detail loss caused by
excessive enhancement represent a significant challenge in small-
diameter weld X-ray images. Contrast-limited adaptive histogram
equalization methods combined with appropriate noise suppres-
sion strategies are more suitable. Despite their efficacy, hybrid
methods are problematic since they involve multiple steps and
parameter optimizations, making them less practical for more
complex images. Regular spatial and frequency domain ap-
proaches lack resilience when dealing with complex images.
Contrarily, physical model-based enhancement methods provide
more stability by improving image quality according to imaging
physics principles. However, their performance depends on the
accuracy of the physical model and parameters. Unlike physical
models, deep learning-based enhancement methods can auto-
matically learn image features from large datasets for enhance-
ment or restoration. These approaches are more flexible and
robust, particularly in extreme cases, since they do not require
manual input of complex physical models. However, the perfor-
mance of deep learning methods relies heavily on the availability
of high-quality training data, while their computational
complexity and resource requirements tend to be higher than
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traditional methods. Therefore, future research should focus on
simplifying deep learning models while improving their efficacy
with limited data. Reducing the reliance on large datasets and
decreasing the computational complexity are essential to increase
the practicality and efficiency of deep learning enhancement
methods.

2.3. Evaluation metrics for pipeline weld X-ray image
preprocessing

Both subjective analysis and objective quantitative indicators
are essential to effectively evaluate the efficacy of image pre-
processing methods. Subjective analysis relies on human visual
judgment to assess the performance of an algorithm by evaluating
the image directly after preprocessing. However, objective quan-
titative indices use mathematical formulas to numerically evaluate
an image, allowing for a more direct, unbiased performance
assessment. These objective indices help eliminate the subjectivity
inherent in human judgment and can distinguish image quality
differences that may not be visible to the human eye. Conse-
quently, various objective quantitative metrics are introduced to
more accurately assess the efficacy of the methods used for weld
X-ray image preprocessing. These indicators include the mean
(Mean), standard grayscale deviation (Std), contrast (C), signal-to-
noise ratio (SNR), information entropy (IE), spatial frequency (SF),
average gradient (G), peak signal-to-noise ratio (PSNR), and
structural similarity index (SSIM).

Mean: This indicates image brightness. A high Mean value in-
dicates a brighter image, as shown in Eq. (2):

S f (L))

Mean = CxH

(2)
where C and H indicate the image width and height, respectively,
while f(i,j) denotes the image gray value at (i,j).

Std: This uses the degree of dispersion between the gray value
and the Mean to assess the contrast, as shown in Eq. (3). A larger
value indicates a higher image contrast:

1 C
Std = CXHIZ

H
> (f(i,§) — Mean)? (3)

where C and H indicate the image width and height, respectively,
while f(i,j) denotes the image gray value at (i,j) and Mean repre-
sents the image pixel mean.

C: This responds to the overall contrast of the image by calcu-
lating the weighted average of the squared differences in the
grayscales between each pixel and its corresponding local neigh-
borhood pixels, as shown in Eq. (4). A higher value indicates more
distinct differences between light and dark with sharper details:

C=>oi.j)? (4)

where o(i,j) denotes the grayscale difference between the center
pixel and one in the local neighborhood. P,(i,j) denotes the
probability that the grayscale difference of a pixel in the local
neighborhood is o.

SNR: This measures the noise level by calculating the ratio of
the effective signal strength to the noise signal strength, as shown

Ps(i,j)
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in Eq. (5). A higher SNR indicates a more effective signal and
improved performance of the noise reduction method:

)

where Pg;gn, is the power of the preprocessed image signal and
Phoise 1S the noise power. In practice, the image power can be
estimated by calculating the square sum of the image pixels.

IE: This is the quantitative metric of uncertainty in the gray-
scale distribution in an image, as shown in Eq. (6). A higher value
indicates more uniform grayscale distribution in the image,
yielding more details:

Psngnal

SNR=10 x loglo( (5)

noise

C

--3

i=1

H
P(i,j)log, P
j=1

(i.J) (6)

where C and H represent the image width and height, respectively,
while P(i,j) denotes the probability grayscale occurrence at (i,j).

SF: This is a physical measure of the textural detail in an image,
as shown in Eq. (7) to Eq. (9). A higher SF indicates the emphasis of
more details:

RF =\ o oy 0~ 1~ 1P ™
=\ Yo 0 1= 1.2 ®
SF=VRF? + CF? )

where RF represents the row spatial frequency of the image, CF
denotes the column spatial frequency of the image, C and H signify
the image width and height, respectively, and I(i,j) represents the
image pixel value at (i,j).

G: This measures the intensity and clarity of the image details
by calculating the pixel intensity transformation rate, as shown in

Eq. (10). A higher G yields clearer image detail and better image
quality:
al(ij) 2 al(ij) ?
ij ij
L () 4 ()
C=rrH X 2 2 (10)

where C and H denote the image width and height, respectively,

I(i,j) represents the image pixel value at (i, j), %L ”) denotes the

image gradient in the horizontal direction, and ’)'(” signifies the

image gradient in the vertical direction.

PSNR: This measures the algorithm performance by comparing
the difference between the original and preprocessed images, as
shown in Eq. (11). A higher value indicates better preprocessed
image quality and algorithm performance:

PSNR =20 x log]O (w

MSE) (n

where MAX denotes the maximum image pixel value and MSE
represents the mean square error between the preprocessed and
original images:
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MSE:%_IZ;; S G) — K. ) (12)
where C and H denote the image width and height, respectively,
I(i,j) represents the image pixel value (i,j), and K(i,j) denotes the
pixel value of the preprocessed image at (i,j).

SSIM: This combines brightness, contrast, and structural
changes, representing a value between 0 and 1, as shown in Eq.
(13). A value closer to 1 indicated a higher preprocessed image
quality and algorithm performance:

(2ppk + €1) (2o + C2)
(4 + u% +c1) (o + 0% +C2)

SSIM(I,K) = (13)

where I and K denote the original and preprocessed images,
respectively, y; and pg represent the original and preprocessed
image mean values, respectively, o;x denotes the covariance of the
original and preprocessed images, ¢; and o denote the variance of
the original and preprocessed images, respectively, and c¢; and ¢,
are smaller constants.

The characteristics and applicability of different evaluation
metrics vary during pipeline weld X-ray image preprocessing.
Although Mean can reflect the overall image brightness level, it
cannot assess local detail quality. Std and C can indicate overall
image contrast, but the noise interference may produce mis-
judgments. SNR and PSNR can accurately quantify the effect of
denoising but tend to neglect detail loss. Although SF and G can
present edge and textural information, these metrics are noise
sensitive. IE can be employed to evaluate image detail richness but
cannot distinguish between useful information and noise. SSIM
comprehensively considers brightness, contrast, and structural
changes but is more computationally complex than other metrics.
Consequently, a multimetric approach is necessary to compre-
hensively evaluate image preprocessing performance. Traditional
metrics fail to reflect quality differences in key regions such as the
image quality indicator (IQI), weld, and defect areas, which vary in
defect detection relevance. To better evaluate pipeline weld X-ray
image quality, a comprehensive multiregion quality evaluation
method was proposed based on tanalytical hierarchical process
(Tian et al., 2025). This method was used to construct compre-
hensive quality indicators using the IQI count, sharpness, contrast,
information entropy, and average grayscale, for quality assessment
across different regions. Multiregion evaluation methods still
present several drawbacks despite partially addressing regional
differentiation assessment problems. Yahaghi et al. (2021) utilized
dynamic wavelet transform to enhance welding radiographic im-
age details and compared manual detection accuracy before and
after enhancement. The results showed that the manual identifi-
cation accuracy of crack defects improved by approximately 26%
after image enhancement. Dang et al. (2015) significantly
enhanced image quality using multistep enhancement methods,
which improved information entropy improved by approximately
21.43% and defect segmentation accuracy by at least 41.37%. Since
preprocessing aims to improve image quality to enhance defect
detection, current evaluation metrics do not directly correlate with
fault recognition performance. Additionally, existing evaluation
systems primarily rely on fixed metric weights, restricting adap-
tation to the diverse requirements across different pipeline di-
ameters, imaging conditions, and defect types. Therefore, future
work should focus on developing defect detection task-oriented
assessment frameworks and comprehensive adaptive-weight
evaluation metrics. Machine learning or deep learning methods
should be utilized in task-oriented frameworks to establish
quantitative models between the image preprocessing metrics and
key indicators such as defect detection accuracy and recall rates.
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Therefore, the evaluation results can be used to both assess pre-
processing performance and guide detection performance
improvement. Regarding adaptive-weight evaluation metrics,
research should focus on developing automatic weight-
adjustment algorithms using regional image features and appli-
cation scenarios. These algorithms should allocate weights ac-
cording to the different characteristics of the IQI, weld, and defect
regions. They should also adapt to diverse application scenarios
including different pipeline diameters, imaging conditions, and
defect types to increase the valuation precision and practicality.

2.4. Brief summary

This section comparatively analyzes the methods used for
pipeline weld X-ray image preprocessing to evaluate their per-
formance and applicability. Table 1 lists the performance metrics
and technical characteristics associated with the various denoising
and image enhancement methods. Different preprocessing ap-
proaches exhibit notable variations in their technical principles
and performance characteristics. Traditional spatial-domain and
frequency-domain methods are widely applied and easy to
implement. However, they often rely on subjective parameters,
which can lead to image detail loss during denoising and may even
amplify noise during enhancement. Contrarily, advanced filtering
and hybrid methods improve the balance between denoising and
detail preservation by employing more sophisticated mathemat-
ical models. These methods effectively address the mixed noise
and non-uniform illumination issues commonly found in weld X-
ray images. Although physics-based approaches yield more
consistent enhancement results, their performance depends on
model accuracy. While deep learning methods demonstrate su-
perior performance in image denoising and quality enhancement
due to their powerful learning capabilities, they require substan-
tial high-quality training data and involve significant high
computational complexity. Given the differences between the
image characteristics of large-diameter and small-diameter pipe-
lines, Table 2 summarizes the recommended methods for different
pipeline types.

3. Defect recognition method for pipeline weld X-ray image

Methods for weld defect recognition in X-ray images are
attracting considerable research and industry attention due to the
rapid development in X-ray imaging and computer vision tech-
nologies. Ensuring pipeline weld quality in the oil and gas storage
and transportation sectors is critical for ensuring safe operations.
Traditional defect recognition methods rely on manual inspection,
which is inefficient and prone to subjective bias. Contrarily, using
computer vision technology to process digital X-ray images pro-
vides a fast, reliable approach for the intelligent detection of weld
defects. Based on their technical principles, these methods can be
categorized into three types according to their technical princi-
ples: signal processing-based, feature design-based, and deep
learning-based defect recognition approaches.

3.1. Signal processing-based defect recognition method

Signal processing-based defect recognition methods identify
defective areas in weld seams via digital signal processing, which
typically involves: weld inspection and defect recognition. Regions
likely to contain defects are extracted during the weld inspection
phase, which reduces the impact of the background on recognition
accuracy. Next, specialized methods are applied to accurately
distinguish between defective and non-defective areas. Common
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A performance comparison of the representative preprocessing methods for pipeline weld X-ray images.

Method Performance Applicable scenario
Noise reduction method of pipeline weld X-ray image
Adaptive median filtering + wavelet transform (Zhan et al., 2018) PSNR: 32.860 Mixed noise reduction
IE: 6.8487
Neighborhood wavelet adaptive denoising (Li et al., 2011) PSNR: 31.025 Edge-preserving noise reduction
SNR: 39.816
Nonlinear diffusion filtering (Malarvel et al., 2017) PSNR: 36.960 Edge-preserving noise reduction
IE: 4.0351
Blind source separation denoising (Shen et al., 2020) PSNR: 35.922 Complex situation noise reduction
SSIM: 0.9254
Total variable reduction (Faridafshin et al., 2021) PSNR: 38.720 Variational optimization for noise reduction
GAN (Sun et al., 2018b) PSNR: 32.950 Complex pattern learning noise reduction
SSIM: 0.8940
Self-supervised network (Qian et al., 2024) PSNR: 36.444 Self-supervised learning for noise reduction
SSIM: 0.9594
Enhanced method of pipeline X-ray weld image
Adaptive histogram equalization (Pisano et al., 1998) PSNR: 12.495 Contrast-limited enhancement
SSIM: 0.4787
Multistep radiographic image enhancement (Dang et al., 2015) C: 1790.7 Weld defect segmentation enhancement
IE: 7.50
Mixed enhancement (Wang, 2015) PSNR:55.716 Edge detail enhancement
Simple diffusion model (Zhang et al., 2021c) SF: 7.3031 Physical model enhancement
G:5.1718
Retinex model (Chen, 2016) SNR: 33.377 Light-reflection separation enhancement
IE: 7.12
Gradient field + local variance (Han et al., 2023) PSNR: 15.717 Detail retention enhancement
SSIM: 0.8089
Self-paced learning with Retinex-Net (Qian et al., 2024) PSNR: 28.261 Deep learning enhancement
SSIM: 0.9719

Table 2

The methods used to preprocess X-ray images of welds in pipelines with different diameters.

Pipeline type Weld X-ray image characteristics Noise reduction method Enhanced method
Large-diameter Wide weld regions, complex noise Integrated multi-technique mixed Mixed enhancement techniques,
pipelines distribution, more background denoising strategies and deep learning multiscale Retinex models and

interference, and uneven illumination
Narrow weld regions, pronounced edge
effects, and susceptible to noise
interference and imaging angle
influence

Small-diameter
pipelines

methods
Edge-preserving denoising techniques
and deep learning methods

deep learning methods
Adaptive contrast enhancement
and detail-preserving intelligent
enhancement methods

signal processing-based methods include filter, structural detec-
tion, and image segmentation.

Edge detection methods employ image gradient filters to
extract edges, lines, and isolated points, and include gradient
operator Sobel (Sun, 2019; Sun and Yuan, 2006), Prewitt (Sun,
2019), Roberts (Sun, 2019), Laplace (Sun and Yuan, 2006), and
Canny edge detection (Ajmi et al., 2018; Sun, 2019). Advanced
filtering defect recognition techniques include Canny-Deriche
filtering (Schwartz, 2003), Kalman filtering (Zou et al., 2015),
anisotropic diffusion filtering (Malarvel et al., 2017), and wavelet
transform (Li et al., 2020). However, since these filter-based
methods lack sufficient flexibility due to the varying characteris-
tics of different defect types, some studies have proposed filters
with adjustable weights to better accommodate different weld
defects (Radi et al., 2021, 2022). These filters enhance or suppress
specific parts of the image, improving the distinction between the
background, vertical defects, and horizontal defects.

Structural detection methods extract and model defect features
according to spatial placement rules for defect identification
(Vilnrotter et al., 1986). In recent years, morphological testing
(Song et al., 1996) has been widely employed approach for struc-
tural inspection. This approach is based on mathematical
morphology principles and uses specific operators to analyze weld
defect characteristics. Basic morphological operators include
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dilation (Alaknanda et al., 2006), erosion (Alaknanda et al., 2006),
opening operation (Srikanth, 2012), and closing operation
(Faramarzi and Motamedi, 2011), which help enhance target fea-
tures in weld X-ray images while reducing the impact of extra-
neous noise. Since morphological detection relies on predefined
shape elements, it is particularly effective in identifying geometric
features that are sensitive to the shapes and sizes of defects.
Image segmentation is a key computer vision technique that
uses digital signal processing to identify and localize potential
weld defects in weld X-ray images. These methods are categorized
into threshold segmentation, region growing, and watershed
transformation according to different technical principles.
Threshold segmentation distinguishes defects from the sur-
rounding weld region by selecting an appropriate gray-level
threshold (Shafeek et al., 2004a). Although Otsu's thresholding is
widely used (Ben Mhamed et al., 2012; Hashim, 2017), it relies on
the assumption that there is a significant gray-level difference
between the foreground (defect) and the background. This can
reduce its efficacy in segmenting defects with similar gray values
as the background. Therefore, a histogram concavity-based global
thresholding technique has been introduced to determine the
threshold by analyzing the image histogram (Saravanan et al.,
2007). This improves defect-background separation and thresh-
olding segmentation versatility. Although both Otsu's and
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histogram-based methods are commonly used, their ability to
detect small weld seam defects is limited. To enhance detection
accuracy, Otsu's global thresholding is first creates a binary image
that highlights the weld region, after which Sauvola's local
thresholding is applied to refine the weld boundaries (Thiruganam
et al., 2010). However, since the efficacy of Sauvola's method relies
heavily on parameter settings, improper tuning may cause over- or
under-segmentation. Therefore, the integral image technique is
employed to compute local thresholds, reducing dependence on
parameter tuning (Mahmoudi and Regragui, 2009a, 2009b). These
thresholding methods all rely on selecting suitable thresholds to
segment the image into the defect and background regions.
However, they present challenges when the defect gray value is
not sufficiently lower than certain background regions, prompting
the introduction of maximum fuzzy entropy to obtain a three-level
thresholding method optimized using a genetic algorithm (Wang
and Wong, 2005). This approach divides the image into three
distinct levels to enhance region separation and defect detection
accuracy. Additional advanced techniques have been proposed to
further accommodate diverse inspection scenarios and defect
types, including a multiscale segmentation method based on an
energy model and iterative threshold optimization to improve
segmentation accuracy (Ge and Zhang, 2009). Another approach
involves a multiscale, multi-intensity segmentation strategy using
parameter space compression, which enhances versatility and
precision (Yan et al., 2020). Furthermore, the region growing
method is a pixel-based approach that segments defects by
merging neighboring pixels with similar features into a single
region (Sato et al., 2000). This approach is often combined with
threshold segmentation where the weld region is first divided
using a thresholding technique, followed by further weld defect
segregation via region growing (Zhang et al., 2019). Watershed
transform is a region-based segmentation technique that sepa-
rates defective background regions by simulating geographical
features according to the gray-level distribution in the image
(Beucher and Lantuéjoul, 1979). However, since these techniques
often suffer from over-segmentation that can cause fragmented
boundaries, multistage watershed techniques are frequently used
to refine defect edges and optimize segmentation results
(Alaknanda et al., 2009).

Despite their widespread use for weld defect recognition,
traditional segmentation methods present significant limitations,
particularly when dealing with weld X-ray images containing
uneven grayscales, which reduces their performance. Researchers
have increasingly relied on more sophisticated model-based seg-
mentation techniques to address these challenges. These methods
can generally be categorized into: the fuzzy C-means clustering
model (FCM) and the Chan-Vese model. FCM improves segmen-
tation by measuring the degree of association between the various
categories and each pixel according to its membership function
(Bezdek et al., 1984). This approach is particularly effective for
handling images with uneven grayscales since it allows each pixel
to represent multiple categories simultaneously, which increases
edge definition accuracy, especially in complex images. Back-
ground subtraction is a typical preprocessing step when using the
FCM for weld defect recognition, which enhances weld region
segmentation and improves defect detection accuracy (Sundaram
et al,, 2014). Conversely, the Chan-Vese model is a level-set active-
contour model that has demonstrated significant potential for
processing images with gray-level inhomogeneity. It minimizes
generalized energy functionality to determine the optimal seg-
mentation boundary (Halim et al., 2013) but requires an initial
defined contour. This can decrease the result accuracy if the initial
contour differs significantly from the actual target contour,
prompting the frequent use of rectangles of various sizes as initial
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contours for segmentation (Abd Halim et al., 2013). Additionally, to
further improve algorithm automation and reduce human inter-
vention, FCM is often employed to generate an initial contour,
which is then refined using the Chan-Vese model (Abdelkader
et al,, 2021).

While filter detection, structure detection, and image seg-
mentation are all effective for weld defect recognition, each
method presents certain limitations. For example, a single
approach may not be capable of recognizing all types of weld
defects effectively. Research has shown that certain segmentation
techniques excel at recognizing specific types of defects
(Abdelkader et al., 2021). Edge-based segmentation is particularly
effective for identifying slag entrapment, incomplete penetration,
and transverse cracks, while region growing segmentation is more
suitable for detecting root incomplete penetration, biting edges,
and porosity. Watershed segmentation is highly effective for
recognizing creeping-type porosities, unfused regions, slag
entrapment, and slag lines. Consequently, studies have explored
multimethod combinations for efficient, accurate defect recogni-
tion. For instance, threshold segmentation is often integrated with
edge detection and morphological techniques. In this combined
approach, edge detection is used to extract edge information from
the threshold segmentation results (Al-Hameed et al., 2013;
Alaknanda et al, 2006), while morphological operations are
applied to remove isolated noise points and smooth the defect
boundaries (Al-Hameed et al., 2013; Chi et al., 2019; Du et al., 2011;
Wang et al., 2012). Additionally, researchers have proposed more
complex recognition frameworks that leverage the strengths of
various techniques. These methods may combine FCM for weld
defect segmentation, edge detection for edge feature extraction,
threshold segmentation for defect identification, and morpholog-
ical operations for defect boundary refinement and minor defect
detection (Yazid et al., 2011, 2012). These hybrid strategies aim to
improve defect recognition, particularly in complex weld X-ray
images.

In summary, different types of weld defects exhibit unique
characteristics, which reduce the adaptability of filter detection
methods, particularly those based on edge detection algorithms.
While designing advanced filters with controllable weights can
improve the accuracy of defect detection to some extent, deter-
mining the appropriate weights typically relies on expert knowl-
edge or repeated trials. Contrarily, structured methods, such as
morphological detection, can more effectively capture weld defect
features and enhance their visibility via specific actions. However,
the detection accuracy is still influenced by the shapes and sizes of
the defects. Unlike morphological detection, image segmentation
techniques can directly process weld X-ray images and achieve
defect segmentation. Threshold segmentation typically uses global
thresholding to initially define the weld region, while local
thresholding provides more precise defect localization. Region
growing algorithms are commonly combined with global thresh-
olding as a complementary strategy to address the incomplete
segmentation often caused by single-threshold methods. Integral
image techniques have been introduced for adaptive local
threshold calculation to further minimize the impact of the
parameter settings on segmentation performance. Furthermore,
more advanced multiscale and multi-intensity segmentation
methods have been developed to address different detection
contexts and defect types. The multistage watershed transform
can also be used for weld defect segmentation. However, tradi-
tional segmentation methods may not produce satisfactory results
since the quality of weld X-ray images are often inferior. In such
cases, model-based segmentation methods demonstrate more
effective application potential. Given the limitations of using a
single technique, combining multiple methods into a
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comprehensive recognition strategy offers potential for improving
the overall accuracy of defect recognition. Signal processing-based
defect recognition approaches are highly interpretable but pri-
marily focus on detecting and localizing defects instead of iden-
tifying the precise defect type. This limitation requires resolution
via more complex postprocessing techniques. Nevertheless, signal
processing-based defect recognition methods play a fundamental
role in intelligent weld fault detection. Their processing results
enable precise fault type recognition by providing critical foun-
dational information for feature design-based defect detection
methods.

3.2. Feature design-based defect recognition method

Feature design-based defect recognition methods typically
utilize defect candidate regions obtained via signal processing-
based defect detection techniques as the foundation. These ap-
proaches accurately recognize different defect types via manually
designed, extracted discriminative features and advanced pattern
recognition methods. Feature design-based defect recognition
approaches are more successful in precisely classifying defects
than signal processing-based defect detection techniques. Their
core principle lies in transforming defect regions detected during
the signal processing stage into feature descriptors, such as geo-
metric and textural features, and subsequently constructing cor-
responding pattern recognition models for defect type
determination. This method primarily involves feature extraction
and defect recognition model building.

3.2.1. Feature extraction

Weld defects typically appear in X-ray images as grayscale
variations relative to the normal weld region. Early research
focused on describing defects using simple one-dimensional
grayscale curve features. Liao et al. (1999) extracted 25 grayscale

Table 3
Shape and geometric features.
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features, including the symmetry index, median symmetry index,
and goodness of fit, using curve fitting as input for the defect
recognition model. Additionally, metrics such as the mean square
error and peak intensity were introduced as grayscale features to
improve defect recognition model accuracy and directly capture
the associated grayscale variations (Liao, 2004; Liao et al., 2000).

Further research has subdivided weld defects into seven cate-
gories: cracks, lack of fusion, lack of penetration, linear defects,
circular defects, root concavity, and root undercut (Institute, 2015).
Lashkia (2001) simplified weld defect classification into three
categories based on intuitive morphological weld defect charac-
teristics: circular, longitudinal, and transversal defects. This clas-
sification emphasizes the importance of geometry in describing
weld defect features such as size, location, and shape. Table 3
shows the calculation of the common shape and geometric
features.

Weld X-ray images are susceptible to various factors, such as
the position and distance of the radiation source, the shooting
angle, and scale variations, frequently causing the same defect to
display different geometric shapes. Therefore, basic geometric
shapes are often insufficient to accurately describe defects. To
improve characterization capability, researchers have proposed
geometric shape attributes that are resistant to geometric trans-
formations, most of which are based on geometric invariant mo-
ments such as Hu, Zernike, and Legendre moments
(Chandrasekharan et al., 2004; Mekhalfa and Nacereddine, 2017;
Nacereddine et al., 2000; Rale et al., 2009). Additionally, the geo-
metric invariant properties of defects have been described by
combining spatial moments with basic geometric shape parame-
ters (Nacereddine and Tridi, 2005). Nacereddine et al. (2013)
enhanced the ability of geometric features to assess defect
compactness and rectangularity by integrating geometric in-
variants with Fourier descriptors, enabling better differentiation
between cracks and lack of fusion.

Feature name Sign Equation Explanation
Area S n m n: Length of outer rectange.
Zx:l Z:y:lf(x"y) m: Width of outer rectange.
f(x,y): Pixel values at (x,y) coordinates.
Perimeter C n, + V2, n,: Pixel number in the horizontal and vertical directions.
ny: Pixel number in the diagonal direction.
Perimeter-to-area ratio PSR 2 C: Defect perimeter.
< S: Defect area.
Centroid S s 1 n: Length of outer rectange.
(Sx:Sy) (ﬁ Z:’:] ZJ";] a;, m: Width of outer rectange.
1 (aj, b;): Pixel location coordinates
n m
mn Zi:l Zj:l bf)
Major axis Ly > 5 This represents the maximum distance between any two pixel points
*1=%2)" + (1 —y2) on the defect boundary.
Minor axis L, > > This represents the minimum distance between any two pixel points
(X2 =%3)" + (V2 ~y3) on the defect boundary.
Aspect ratio LSR L Lq: Major axis. L,: Minor axis.
Ly
Bounding box area Sn Ly x Ly L,: Major axis.
L,: Minor axis.
Compactness . s S: Defect area.
S, Sn: Outer rectangle area.
Circularity R 4xS C: Defect perimeter.
el S: Defect area.
Minor axis-to-defect area ratio SSR L, La: Minor axis.
S 3 et AT rea of the spindl
: Fron area of the spindle.
S t SYM S 1 i
ymmetry 572 S,: Rear 1/4 area of the spindle.
1 .
Apex acuteness USP (S;+55) Sq: Front 1/4 area of the spindle.
S S,: Rear 1/4 area of the spindle.
g; Befect area.
Heywood diameter HD ) S - Defect area.
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Geometric features focus on attributes such as shape and loca-
tion, making them suitable for identifying defects with clear geo-
metric characteristics, including circular and linear defects.
However, geometric features alone are insufficient for subtle de-
fects such as cracks, lack of fusion, and inclusions, which are typi-
cally represented by small textural variations in weld X-ray images.
Therefore, studies have incorporated textural features to enhance
defect characterization. The simplest textural extraction method
analyzes local and global histograms, combining these features
according to specific rules for a more comprehensive textural
description (Sun et al., 2018a). Researchers have also used wavelet
transform to extract textural features, which further improves
defect characterization by adding richer, finer information, building
on its strength in multiscale signal analysis (Wu et al., 2019; Zhou
et al., 2018). Dong et al. (2019) developed an improved local bi-
nary mode-completely localized three-valued (CLTP) textural
feature description approach to enhance boundary definition and
local detail. In recent years, the grayscale covariance matrix-based
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G G
pe=> x> pij (16)
= ia
G , &
or= | > (i—p)? x> pij (17)
p i
G , &
oc= | > (—nu)* x> pij (18)
= i=1

where G;; denotes the grayscale co-occurrence matrix with
dimension G x G, nrepresents the total number of pixel pairs in the
matrix, u, and p. are the average grayscale values of the rows and
columns, and oy and o represent the standard grayscale value
deviations for the rows and columns.

textural feature extraction method has gained popularity for weld G
defect analysis (Ali et al., 2015; Kumar et al., 2014a, 2014b). This (i)= Zpid' (19)
technique highlights the spatial correlation between pixel gray- j=1
scale values, offering richer textural information than histogram-
based methods. Compared to wavelet-based techniques, the gray- G
scale covariance matrix method calculates textural features from ()= _pij (20)
multiple perspectives to provide a more detailed description. i=1
Table 4 lists the specific methods for determining textural fea-
tures based on grayscale covariance matrices. G . .
HX= — " pr(i)logypr (i) (21)
(hj i=1
bij= 'y (14)
G
¢ G HY =~ pe(jlogpe(i) (22)
pr=Y_ix Y pjj (15) =1
i1 =1
Table 4
Textural features.
Feature name Sign Equation
G-1
Contrast C Z zzx ; Zj ; p”
Correlation Corr (i < J) x pij — (r X pe)
Zx 1 Zj 1 or X o¢
Variance Vv Z Z
P:
i=1 (j= 1 J
::E:ll EE; 11>< Pij
Inertia I Zx . Zj ) pu
Entropy E - Zi ; Zj:l pij logypij
Cluster shade cS EH ZJG R - ﬂc>3pu
Cluster prominence cpP Z ZG (i+j—py—n )4p~
i=1 j=1 r — Hc) Pij
Inverse difference moment IDM G G Dij
Zi—l qu 1+ (i—j)z
Angular second moment ASM ZG G
i 1 Zj ](P,})
Sum average SA Z } i prec(i)
1=
Pric(k) = Z, 1 Zj:l bij
k=i+j=0,1,2,..,2G
i 2
Sum variance N Z;zi (i B ZH i % prAc(i)) % Praci)
Sum entropy SE - Z,ZZGZ Prec(i)l0gaPric (i)
Difference entropy DE _ ZF; Pr_c(i)logypr_c (i)
i
Information measure of correlation 1 IMC1 HXY — HXY1
max(HX, HY)
Information measure of correlation 2 IMC2 (HXY2_HXY)

2148



W.-C. Qian, S.-H. Dong, M. Sun et al.

G G
HXY = —>"> "p;;logp;; (23)
i=1 j=1
S Di,
HXY1= Z Zpu logz( J)) (24)
i=1 j=
G G
HXY2= = Y 3 pijloga () (25)
=5 Pc (l)

where HX and HY denote marginal entropy, HXY represents
combined entropy, and HXY1 and HXY2 signify conditional
entropy.

The accuracy of feature description relies heavily on the quality
of defect segmentation since the results of this process are used to
determine the majority of geometric and textural characteristics.
To enhance feature description generalization, studies have
explored methods to extract attributes directly from defective
images, bypassing the need for segmentation. Mel-frequency
cepstral coefficients (MFCC), which have shown strong perfor-
mance in audio signal processing (Civera et al., 2019), are now
being applied to characterize weld defects. Unlike traditional
geometric and textural features, MFCC reduces the reliance on
segmentation and introduces frequency domain analysis, offering
new insights into defect characterization. Moreover, combining
MFCC with polynomial features improves feature description and
the performance of the defect recognition model in noisy envi-
ronments (Kasban et al., 2011; Zahran et al., 2013).

In summary, various features can be used to characterize weld
defects. Although defect recognition models tend to perform
better when more features are used, this increases both the feature
vector dimensionality and computational cost, requiring feature
selection or dimensionality reduction. Feature selection reduces
dimensionality by identifying the most representative subset from
the original feature set, with notable approaches including
sequential forward selection (SFS) (Mery and Berti, 2003) and
sequential backward selection (SBS) (Valavanis and Kosmopoulos,
2010). When constructing the optimal subset, SFS incrementally
adds features while SBS removes them. Although both methods
are intuitive, they are susceptible to local optima due to their
unidirectional approach. Therefore, Garcia-Allende et al. (2009)
proposed sequential forward floating selection (SFFS), which
allowed the dynamic addition or removal of features during subset
construction, increasing the possible feature combinations.
Although SFFS reduces the risk of local optima compared to
traditional SFS and SBS, it still presents substantial computational
complexity, particularly in high-dimensional feature spaces. Liao
et al. (2009) addressed this by introducing an ant colony optimi-
zation algorithm, which enhanced global search capability and
supported parallel processing, allowing the effective identification
of the optimal feature subset even in large spaces. Alternatively,
dimensionality reduction retains key information while mapping
the data from a high-dimensional space to a lower-dimensional
one. PCA is a widely used linear technique that projects data into
a new orthogonal feature space to reduce dimensionality while
preserving essential information (Duan et al., 2019; Hassan et al.,
2012; Nacereddine and Tridi, 2005; Vaithiyanathan et al., 2013;
Vilar et al., 2008, 2009a, 2009b; Wang et al., 2016a, 2016b;
Zhang and Shi, 2022). Studies have shown that using three prin-
cipal components during PCA achieves a defect recognition accu-
racy of up to 85% (Li, 2019). However, this precision declines as the
number of components increases, suggesting that extracting too
many components can cause redundancy and decrease recognition
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performance (Li, 2019). PCA conventionally presupposes that the
data or its components adhere to Gaussian distribution charac-
teristics. However, in high-dimensional feature spaces, data
frequently manifest more intricate non-Gaussian distribution at-
tributes, implying that PCA may not guarantee independence
among the extracted components. Conversely, independent
component analysis (ICA) extracts statistically independent ele-
ments, which improves the accuracy of feature dimensionality
reduction (Li, 2019; Li and Mu, 2019). PCA and ICA primarily focus
on feature dimension reduction in linear problems and may fail to
capture nonlinear data characteristics due to the complexity of
weld defect patterns. To improve nonlinear information extraction
from weld defect features, methods such as kernel principal
component analysis (KPCA) and Laplacian mapping are applied to
reduce feature dimensions. KPCA uses a kernel function to map
data to a higher-dimensional space, where PCA transforms
nonlinear relationships into linear ones, improving feature
extraction efficiency (Zhang, 2017a, 2017b). Contrarily, Laplacian
mapping is used to preserve local structures during dimensionality
reduction, enhance feature independence, and reduce redundancy
(Wang et al., 2017).

3.2.2. Defect recognition model

Defect recognition models are essential in feature-based defect
detection methods. These models enable intelligent defect recog-
nition by establishing mappings between weld defect features and
types and are generally divided into two categories: those based
on expert knowledge and those utilizing machine learning. Expert
knowledge-based recognition models rely on the insights and
experiences of experts for construction and may consider the
features of different weld defect types, such as the aspect ratio,
grayscale, contrast, entropy, and others. These features are often
used to construct a recognition model as a tree classifier, using
specific rules or conditions to determine defect types (Ba and Teng,
2001; Shafeek et al., 2004b; Sun, 2019). Fig. 2 shows the expert
knowledge-based classification method with a tree classifier.

Expert knowledge-based recognition models offer high inter-
pretability since each node corresponds to some form of expertise.
However, their performance is often limited by the validity of the
selected features and the accuracy of the decision rules.
Conversely, machine learning-based recognition models offer
greater flexibility since they use data to learn complex mapping
relationships between defect features and types. These models are
categorized into supervised and unsupervised recognition models.
Supervised models require a dataset with known defect types for
training and commonly include nearest neighbor classifiers, sup-
port vector machines (SVM), and artificial neural networks (ANN).

Nearest neighbor classifiers recognize weld defects by calcu-
lating the Cartesian distance between the feature vectors of test
and training samples. The classifier determines the closest training
samples and assigns the test sample to the class of the nearest
neighbors (Sun et al., 2018a). However, traditional nearest-
neighbor methods rely on a single nearest sample for classifica-
tion, making the model susceptible to outliers or noise, which can
reduce accuracy. K-nearest neighbor (KNN) improves performance
by considering the K nearest neighbors instead of only one, which
helps prevent overfitting and enhances robustness (Liao, 2009).
However, KNN may still struggle with ambiguous classification
boundaries between different weld defect types, leading to po-
tential misclassifications. To better manage this uncertainty, fuzzy
K-nearest neighbor (FKNN) introduces an affiliation function that
calculates the degree to which a test sample belongs to each
category, improving both the accuracy and reliability of defect
recognition (Hassan et al., 2012; Wang and Liao, 2002).
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Lack Lack
of penetration of fusion

Fig. 2. Expert knowledge-based tree classifier.

Compared to nearest-neighbor classifiers, SVMs recognize weld
defects by mapping feature vectors to a high-dimensional space
and finding optimal hyperplanes that maximize the margin be-
tween different classes. The basic binary classification SVM is
primarily used to distinguish between defects and non-defects (Ali
et al., 2015; Shao et al., 2011) or to recognize circular versus linear

defects (Li, 2019; Li and Mu, 2019; Wang et al., 2016b, 2017).
However, weld defects are diverse, and simple binary classification
SVMs cannot effectively recognize multiple defect types. There-
fore, multiclass SVM models can be employed to transform a
multiclass task into multiple binary classification tasks. Notable
examples include the one-vs-one multiclass SVM (Ali et al., 2015;

Weld defects

Porosity,
circular slag inclusion

Crack,
linear slag inclusion

Lack of fusion,
lack of penetration

Circular

] . Crack
slag inclusion

Porosity

Linear Lack Lack
slag inclusion of fusion of penetration

Fig. 3. The tree-structured multiclassification SVM model for weld defect recognition.
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Faridafshin et al., 2018; Mekhalfa and Nacereddine, 2014) and the
one-vs-rest multiclass SVM (Mekhalfa and Nacereddine, 2014; Xu
et al., 2011). Although these multiclass SVMs can recognize mul-
tiple defects, the binary classifiers rise significantly, both linearly
and quadratically, as the number of defect types increases, which
elevates model complexity. Tree-structured multiclassification
SVM models have been proposed to resolve this issue. These
models reduce complexity by constructing multiple decision trees,
each node differentiating between a smaller subset of classes
(Dong et al., 2019; Fan, 2014). Studies have shown that the tree-
structured multiclassification SVM model displays a respective
improvement in recognition accuracy of 6% and 5% compared to
other multiclass SVM approaches (Luo et al., 2010). Fig. 3 shows
the tree-structured multiclassification SVM model for weld defect
recognition.

Although multiclass SVMs can be effective for identifying weld
defects, they often require multiple SVM models, which can
complicate the implementation process and may affect prediction
accuracy and efficiency. Contrarily, ANNs offer a more flexible,
efficient solution. By simulating the learning process in the human
brain, ANNs can automatically learn the complex relationships be-
tween inputs and outputs, making them capable of multiclass
classification in a single model framework (Silva et al., 2001; Yahia
etal., 2011). Common ANN-based defect recognition models include
backpropagation (BP), radial basis function (RBF), and Bayesian
neural networks. BP neural networks optimize and update the
weights of each layer via error BP training, which minimizes the
discrepancy between the predicted and actual results (Rumelhart
et al, 1986). Researchers often use multilayer perceptron (MLP)
models trained with BP neural networks to improve classification
accuracy during weld defect recognition (Alghalandis and Alamdari,
2006; Boaretto and Centeno, 2017; Chandrasekharan et al., 2004;
Silva et al., 2003, 2004; Kumar et al., 2014a, 2014b; Nacereddine
et al, 2000; Nacereddine and Tridi, 2005; Valavanis and
Kosmopoulos, 2010; Yin et al., 2008; Zahran et al.,, 2013; Zhang
et al,, 2003a, 2003c). One study developed an MLP model using
error BP, which displayed significantly higher recognition accuracy
than both the multiclass SVM and KNN models (Valavanis and
Kosmopoulos, 2010). Moreover, incorporating additional regulari-
zation terms into the BP neural network loss function allows the
model to focus on more generalizable features during the learning
process while reducing the influence of specific patterns and noise
(Vilar et al., 2008, 2009a, 2009b). This enhances the generalization
capability of the defect recognition model, improving its overall
performance. RBF neural networks are also essential during ANN-
based weld defect recognition. These networks utilize the RBF to
activate hidden layer nodes, which enhances their ability to capture
spatial features (Qiao et al., 2016; Rale et al., 2009; Wei et al., 2019;
Zhang, 2017b). Comparative studies have shown that RBF networks
perform better than BP networks, improving accuracy by 0.72%
(Zhang, 2017b). However, the relationship between features and
defect types is complex since various factors can cause the same
type of defect to exhibit different features depending on its location
or orientation. Additionally, most features entered into the defect
recognition model are obtained via various feature extraction
techniques, which may result in overlapping between the attributes
of multiple defect types and the introduction of uncertainty.
Goumeidane et al. (2015) developed a Bayesian neural network-
based weld defect recognition model in which probability distri-
butions represented network weights to provide both the defect
predictions and their uncertainty values. The results indicated that
this approach achieved a 1.36% higher accuracy than the multiclass
SVM. Fuzzy neural networks (FNNs) also address uncertainty by
incorporating fuzzy logic. FNNs transform the features into fuzzy
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representations, the degree of which is quantified using an affilia-
tion function to improve the ability of the model to handle uncer-
tain feature descriptions. The affiliation function is often modeled
using a « function (Tang et al., 2014; Zhang and Lin, 2023a, 2023b,
2004). Expert knowledge and relevant standards are used to
create a fuzzy rule base, which is used to construct a hidden layer to
improve the ability of the model to handle defect categories with
unclear boundaries (Tang et al., 2014; Zhang and Lin, 2023a, 2003b,
2004). However, the computational cost of the FNN increases
significantly when the rule base becomes more complex (Chady
et al., 2017), which is addressed by integrating rough set theory
and FNNs. Rough set theory helps streamline the decision rules,
which reduces the FNN scale and enhances its efficiency without
sacrificing accuracy. Chady et al. (2017) demonstrated that a weld
defect recognition model based on rough set theory reduced the
model size and improved accuracy. This optimized the model by
extracting more concise decision rules, improving both the
computational efficiency and recognition performance (Gao et al.,
2006; Zhang et al, 2009). Researchers have begun exploring
methods that combine manually designed domain features with
more advanced deep learning models. These approaches improve
weld fault recognition using the classification capacity and feature
design interpretability of deep learning models. Gao et al. (2024)
employed domain expertise to extract 14 key characteristics cate-
gorized as geometric, positional, or background region features, and
utilized a transformer for feature encoding and defect type classi-
fication. Yang and Jiang (2021) proposed a method that combined
unified deep neural networks with multilayer feature fusion using
11 defect features as input. This approach fused the features
extracted from each hidden layer at the final hidden layer and
outperformed support vector machines and conventional deep
networks in detection accuracy.

Unlike supervised recognition models, unsupervised recogni-
tion models are designed to automatically uncover defect recog-
nition patterns in datasets with unknown defect types. Weld
defect identification approaches rely heavily on cluster analysis,
with K-means and FCM clustering representing the primary
techniques. Vaithiyanathan et al. (2013) proposed a framework
based on K-means clustering, which effectively distinguished be-
tween burn-through, slag entrapment, and unfused defects.
Additionally, FCM clustering methods have been developed to
address the fuzzy nature of certain weld defects, such as porosity
and oxide inclusions (Tridi et al., 2005; Wang et al., 2016a). These
techniques significantly enhance the identification of subtle dif-
ferences between defect types.

The precision of both supervised and unsupervised recognition
models depends on quantifiable features and the accurate seg-
mentation of defective regions. Eliminating the extraction process
and directly evaluating the defects can improve model resilience
and reduce its sensitivity to feature parameters. Sparse description-
based defect recognition models offer an alternative approach to
address this issue. For example, Xiao et al. (2024) developed a sparse
description-based model for weld defect recognition, which spe-
cifically targeted circular, and linear defects, as well as noise in
small-diameter pipes. This model yielded accuracy levels of 97.4%
and 96.7% for circular and linear defects, respectively. A sparse
representation model was constructed using training images, which
were described using a complete dictionary matrix. Optimization
algorithms were employed to obtain the sparse coefficients for each
test sample, which were used to identify the weld defects. Specif-
ically, defective and noisy regions were first extracted via suspected
local image reconstruction (SDR) to obtain the training samples (Jia
et al,, 2024; Wang et al., 2018, 2021; Xiao et al., 2024). Fig. 4 shows
the SDR definition. Various methods were proposed to resolve the
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tangent rectangle
of defects

Fig. 4. SDR.

training sample dictionary matrix, including K-SVD (Xiao et al.,
2024), orthogonal optimization (Jia et al, 2024), greedy algo-
rithms (Wang et al., 2018), and compression-aware approaches (Li
et al,, 2013; Wang et al., 2021). Next, optimization algorithms such
as orthogonal matching pursuit (Wang et al., 2021; Xiao et al., 2024)
and 0-norm optimization (Jia et al., 2024) were employed to acquire
the test sample sparse coefficients. Finally, the non-zero elements in
the sparse coefficient vector were analyzed to facilitate effective
weld defects recognition.

In summary, experience is the primary determinant of expert
knowledge recognition models. Their accuracy is constrained by
the efficacy of feature selection and expert knowledge. These
models are also limited by the lack of a deterministic expert
knowledge system that can comprehensively cover all weld defect
types. Conversely, machine learning-based weld defect recogni-
tion models can automatically establish the underlying mapping
between features and defect types, reducing the reliance on
expertise. These models mainly include the nearest neighbor
classifier, SVM, and ANN supervised methods and unsupervised
clustering algorithms. Although the nearest neighbor classifier
determines defect types by calculating the distance between
samples, it is highly sensitive to outliers or noise, especially when
these factors are near the query samples. SVM constructs a
recognition model by maximizing the margin between classes,
making it more resistant to noise and outliers. However, tradi-
tional SVM is a binary classifier and struggles with multiclass weld
defect recognition. Although multiclass SVM can be constructed by
combining multiple binary SVM models (one-vs-one, one-vs-all,
or decision tree strategies), this increases complexity and
computational cost. ANN-based models simplify this process by
adjusting the number of output neurons, allowing multiclass
defect recognition within the same framework. Furthermore,
methods that combine manually designed features and advanced
deep learning models show significant promise for preserving
feature design interpretability while leveraging the powerful
representation and classification capabilities of deep learning.
These approaches are particularly effective in dealing with
difficult-to-classify defect types. Unsupervised recognition models
do not require labeled training datasets, instead attempting to
identify patterns in the data itself. Additionally, fuzzy logic has
been incorporated into both supervised and unsupervised models
to better resolve uncertainties during defect recognition. These
models rely on quantifiable feature parameters, the quality of
which can influence model accuracy. Consequently, sparse
description-based recognition models use a dictionary matrix to
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represent defect samples in the training set and recognize weld
defects by solving sparse coefficients. However, this model in-
volves two optimization steps: solving the dictionary matrix and
determining sparse coefficients. Any errors in these steps can
impact recognition accuracy. The complexity of defect recognition
increases with the number of defect types as the sparse coefficient
analysis becomes more intricate. In conclusion, while feature-
based weld defect recognition models offer high interpretability
and the ability to recognize multiple defect types,
their efficacy depends on the quality of feature parameters or
dictionary matrices. This ultimately impacts defect recognition
accuracy.

3.3. Deep learning-based defect recognition method

Deep learning-based defect recognition methods automatically
learn and extract complex features directly from radiographic
weld images using powerful neural network architectures,
enabling efficient weld defect recognition. This model eliminates
the need for manually designed feature parameters, instead
adaptively learning the patterns essential for distinguishing be-
tween different defect types. This addresses the limitations of
traditional feature-based recognition methods. Deep learning-
based defect recognition methods can be classified into three
categories according to the type of output, including image clas-
sification, semantic segmentation, and object detection.

3.3.1. Public dataset

High-quality datasets are essential for deep learning-based
defect recognition. A large volume of data is used for model
training, enabling it to learn and extract the complex features and
patterns necessary for accurate weld defect recognition. While
most current models rely on datasets constructed by researchers,
there are also publicly available weld defect datasets that offer
valuable resources for model development and performance
evaluation.

Totino et al. (2023) proposed the RIAWELC weld X-ray image
dataset, containing 24,407 X-ray images acquired from real in-
dustrial production environments. The dataset included four types
of weld defects: 7635 images of cracks (CR), 6320 images of
porosity (PO), 4452 images of lack of penetration (LP), and 6000
no-defect reference images (ND). Fig. 5 shows some example im-
ages from the RIAWELC dataset. Additionally, Mery et al. (2015)
developed the GDXray dataset, containing 19,407 X-ray images
divided into five subsets: castings, welds, baggage, natural objects,
and settings. The weld subset included 10 original weld X-ray
images (W0001), along with detailed binary pixel-level annota-
tions (W0002). Another part of the dataset, W0003, provided 68
weld X-ray images, some of which were annotated at the pixel
level with the help of welding experts. Fig. 6 shows sample images
from the GDXray dataset.

3.3.2. Image classification

Image classification-based methods train deep learning models
using weld defect X-ray image-level labels to automate classifi-
cation and recognition. CNNs (LeCun et al., 1989) are widely used
for this process. A CNN typically consists of a convolutional,
pooling, and classification layer (Fig. 7). The convolutional layer
applies a series of convolutional kernels to automatically extract
features from the input image, which are filtered and compressed
by the pooling layer to reduce spatial dimensionality and retain
important information. The classification layer, which is usually
fully connected, converts the features processed via the convolu-
tional and pooling layers into a one-dimensional feature vector,
which is used to classify X-ray image defects.
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Fig. 6. Sample images from the GDXray dataset.

The foundational components of various custom CNNs are
crucial for the efficient automated classification of weld defect X-
ray images. These networks are optimized by adjusting hyper-
parameters such as the number of layers, convolutional kernel
sizes, and learning rates (Liu and Guo, 2018; Stephen et al., 2021;
Zhang et al., 2021a). Stephen et al. (2021) proposed a nine-layer
CNN specifically tailored to identify porosity, dense porosity,
cracks, trapped tungsten, and defect-free images. The results
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showed that all the weld defects were correctly classified in the
test set, except for the defect-free image, which was misclassified
due to the absence of detectable edges. This outcome demon-
strates the significant recognition potential of CNN-based models
for weld defect classification. Activation functions, such as ReLU
and Sigmoid, are commonly introduced to enhance the nonlinear
expressiveness of CNNs. Studies have shown that CNNs using ReLU
outperform those using Sigmoid in terms of classification accuracy
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(Li and Gao, 2019b). While ReLU improves performance, it may
cause neuron inactivation for negative inputs, limiting the learning
capacity of the model. Therefore, an ELU activation function has
been proposed that combines the advantages of both Sigmoid and
ReLU (Fan et al., 2020; Hu, 2020). Studies indicate that CNNs
employing the ELU activation function exhibit superior feature
extraction capabilities. A common approach for mitigating over-
fitting is the inclusion of a dropout layer after the fully connected
layer. This randomly disables certain neurons, encouraging the
model to learn more robust and generalized features (Say et al,,
2023; Stephen and Lalu, 2021; Yang et al, 2019b). However,
traditional dropout may remove valuable information, leading to
the introduction of a random forest algorithm that selectively
discards neurons based on feature importance (Jiang et al., 2020).
Underfitting can also negatively affect model performance. To
address both overfitting and underfitting, Chen et al. (2020) pro-
posed a progressive CNN model, which dynamically increased the
number of training samples by setting an accuracy threshold for
the test samples. This model showed a 6.7% improvement in
recognition accuracy compared to traditional CNNs. The pooling
layer is critical for filtering and reducing feature dimensions.
Although pooling techniques such as average and maximum
pooling are commonly used, they may not always be effective for
certain data, such as weld defects. Specifically, average pooling can
dilute important features in regions with locally significant details,
while maximum pooling may introduce noise in areas with
smooth grayscale transitions. To address these challenges, alter-
native strategies such as adaptive pooling (Jiang et al., 2020) and
variance pooling (Li and Xu, 2024) have been proposed for more
efficient feature extraction and noise reduction. Hyperparameters,
such as the number of network layers, convolutional kernel sizes,
and learning rates, are vital for optimizing CNN performance and
require careful consideration. Techniques, such as Bayesian opti-
mization (Naddaf et al., 2020) in conjunction with the whale
optimization algorithm (Li and Xu, 2024), are often employed to
identify the optimal hyperparameter combination.

In addition to the basic CNN architecture, which consists of a
simple stack of convolutional, pooling, and fully connected layers,
more complex CNNs have been developed to enhance the accuracy
and efficiency of weld defect classification. Shang et al. (2020)
proposed replacing the fully connected layer with SVM to increase
model performance in small sample datasets, leveraging the
feature extraction strengths of CNNs while taking advantage of the
robustness of SVMs in classification tasks, effectively reducing the
risk of overfitting (Shang et al., 2020). Since weld defects typically
manifest as subtle grayscale differences in radiographic images
and occupy small areas, more advanced feature extraction tech-
niques are necessary for improving classification accuracy, such as
multiscale dense cross blocks, residual connections, dual-path
cascade structures, and multiscale dilated convolutions. These
methods enhance the ability of the model to detect small defective
features while maintaining high classification efficacy, even in
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complex background conditions (Sonwane and Chiddarwar, 2024;
Zhang and Wang, 2024). Additionally, capsule networks have been
proposed as an alternative to traditional pooling and fully con-
nected layers. Capsule networks can better preserve spatial hier-
archies and fine-grained details, which improves the ability of the
model to classify the same defects from different perspectives
(Zhang and Wang, 2024).

Although these optimizations primarily focus on improving the
CNN architecture, the quality of the dataset also crucially in-
fluences classification performance. Studies have shown that
datasets without data augmentation can result in significant
overfitting (Stephen and Lalu, 2021). Contrarily, data augmenta-
tion techniques can improve classification accuracy by as much as
15% (Stephen and Lalu, 2021). Common data augmentation
methods such as random rotation, scaling, cropping, and flipping,
increase training sample diversity, as well as the generalization
capacity of the model (Say et al., 2023; Stephen and Lalu, 2021).
However, real industry datasets often exhibit class imbalances and
the underrepresentation of certain defect types. Using these
imbalanced datasets for CNN training can cause the model to favor
defect categories with more abundant samples, reducing the ef-
ficacy for less frequent categories. Hou et al. (2019) proposed a
few-class oversampling technique for constructing a more
balanced dataset, consequently improving the ability of the model
to classify rare defect classes. Although oversampling techniques
can reduce class imbalances, they primarily increase minority
class quantities by copying or generating new samples, resulting in
model overfitting. Therefore, Liu et al. (2023b) proposed a classi-
fication method based on basic class and cross-class hybrid feature
learning. This approach combined a variable factor distance metric
model and an image mixing mechanism model to effectively
mitigate the impact of class imbalance on classification accuracy,
and utilized progressive loss functions to mutually promote both.
The results demonstrated that this method maintained a recog-
nition accuracy above 86% even in highly imbalanced data condi-
tions, exhibiting good robustness. Since defective regions typically
occupy only a small portion of the image, the imbalance between
the defect and background regions can reduce classification ac-
curacy. While more complex feature extraction modules can help
enhance feature representation, they also introduce additional
computational overhead and model complexity. Consequently,
SDR techniques are applied to augment datasets by increasing the
defective area proportion. This encourages the model to focus on
critical regions containing defects to improve classification accu-
racy (; Li and Gao, 2019, 2019b; Zhang et al., 2022b). Studies have
shown that models trained on SDR datasets can yield classification
accuracy values exceeding 98%, outperforming those trained on
traditional datasets (Zhang et al., 2021b). Liu et al. (2024c) pro-
posed DGICR-Net to address the challenge of extremely scarce
labeled data samples. This method enhanced feature learning via a
dual-graph interaction mechanism that leveraged inter-sample
relational information. Consequently, it achieved 91.1%
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classification accuracy with only 20% labeled samples, providing
an effective solution for classifying weld defects when labeled data
is limited.

The quality of pipeline weld X-ray images in datasets is also a
key factor that limits defect classification model performance,
particularly since low-contrast, low-brightness, and high-noise
images severely degrade model classification accuracy (Qian
et al., 2024). Images typically undergo various preprocessing
procedures, such as histogram equalization and gamma correc-
tion, to enhance image quality before being entered into models to
improve their performance. Guo et al. (2021) proposed a condi-
tional generative adversarial network that effectively improved
low-quality image contrast, while augmenting the training dataset
and image quality. Although these effectively improve image
quality and defect classification accuracy, they involve two inde-
pendent processing steps. To further simplify the processing
pipeline and improve classification performance, Liu et al. (2022a)
proposed an end-to-end framework that directly integrated an
adaptive image enhancement module into the front end of the
classification network. This integrated design automatically opti-
mized and adjusted the image enhancement parameters according
to specific defect classification tasks, which maximized image
quality and defect feature learning. The experimental results
demonstrated that this end-to-end joint optimization strategy
achieved 93.67% classification accuracy, approximately 7% higher
than traditional ResNet methods.

In addition to customized CNNs, several standard CNN archi-
tectures have also been used for weld defect classification and
recognition, including VGG, ResNet, AlexNet, and GoogleNet.
Wang (2022) compared VGG16, GoogLeNet, ResNet50, and Alex-
Net for weld defect classification, which showed excellent recog-
nition efficacy and a classification precision value reaching 94.5%
in real-world applications. Similarly, Gu et al. (2020) employed the
DenseNet-121 model to detect five weld defect types, achieving a
maximum accuracy level of 98.97%, which was approximately 5%
higher than SVM. These studies demonstrate the efficacy of classic
CNNs for weld defect classification and highlight their broad
applicability in industrial scenarios. However, although DenseNet-
121 exhibits high classification accuracy, its 121-layer architecture
introduces significant computational complexity and overhead
(Gu et al., 2020). Therefore, studies have focused on optimizing
CNN models with lower complexity while maintaining or
improving classification performance. One approach enhances
feature acquisition by incorporating multiscale synthetic convo-
lution and multiscale feature extraction blocks into VGG16 and
ResNet50, respectively (Liu et al., 2024b; Zhang et al,, 2021a).
Additionally, deformable convolution and spatial pyramid pooling
techniques have been applied to ResNet50 and AlexNet to improve
the resilience of the model to geometrical defect variations
(Huang, 2020; Liu et al.,, 2024b). Compared to DenseNet-121,
MobileNet offers a smaller model size and lower computational
requirements due to its use of depthwise separable convolution.
Studies have further optimized MobileNet for weld defect classi-
fication using techniques such as null convolution, channel
attention mechanisms, and residual structures (Chen et al., 2022;
Pan et al, 2023). Depthwise separable convolution has been
introduced into ResNet50 to reduce model size while maintaining
or improving classification performance, providing a more effi-
cient solution for weld defect recognition (Liu et al., 2024b).

Although classic CNNs have offer highly accurate weld defect
classification, the use of large-scale datasets is often critical for
optimal performance. However, the complexity and high costs
associated with the actual welding production process make it
challenging to construct large-scale weld defect datasets. There-
fore, transfer learning has been introduced as an effective solution,
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which leverages pretrained models to reduce the dependence on
large datasets, enabling more efficient weld defect classification.
Pretrained models typically consist of CNNs trained on large,
general-purpose datasets, with their parameters transferred to the
weld defect classification task. This involves transferring most of
the layer weights of the pretrained model and fine-tuning the final
layers, or training newly added layers specifically for weld defect
recognition. Studies have shown that transfer learning can
improve the accuracy of CNN-based defect classification models by
about 4% compared to traditional CNN models. Moreover, tech-
niques such as gradient class activation mapping (Grad-CAM)
indicate that transfer learning effectively help CNNs to focus on
the defects themselves, which improves model performance
(Wang and Yu, 2023). In the context of weld defect classification,
common pretrained CNN models include VGG16 (Kumaresan et al.,
2021, 2023), AlexNet (Hou et al., 2017), ResNet50 (Palma-Ramirez
et al., 2024), SqueezeNet (Perri et al., 2023), MobileNet (Pan et al.,
2020), and Xception (Guo et al., 2021). A typical approach in
transfer learning involves freezing the feature extraction layers of
the pretrained model, while adding a new classification layer for
the weld defect task. This classification layer often consists of a
fully connected layer or a simple MLP (Purnomo et al., 2024; Ting
et al., 2024). Some studies have integrated artificial immune sys-
tems (AIS) in transfer learning frameworks as classifiers due to
their strong online learning capabilities (Fioravanti et al., 2019).
The results suggest that this approach can improve the F1 score by
about 6% compared to using a fully connected layer as the classi-
fier. However, directly using a pretrained model as a feature
extractor for weld defect classification can be challenging due to
significant differences between weld X-ray images and those in the
generalized datasets used for pretraining. General datasets are
typically obtained from the ImageNet database, which contains a
large number of natural images covering different categories such
as animals, plants, objects, and natural scenes (Deng et al., 2009).
However, these natural images differ significantly from pipeline
weld X-ray images due to inherent variation in imaging mecha-
nisms, visual features, and target characteristics. First, X-ray im-
aging primarily employs material density differences and
radiation transmission principles, resulting in grayscale images
with no color information, low contrast, and blurred edges. This
differs significantly from the high-contrast, color-rich natural
images in ImageNet. These differences may cause inadequate
extraction of the pipeline weld X-ray image characteristics by the
pre-trained model feature extractors, which can bias the feature
representations and affect recognition performance. Second, the
weld defects in pipeline weld X-ray images are often represented
as subtle grayscale variations or irregular geometric shapes, which
differ fundamentally from the objects in ImageNet with clear
contours, shapes, sizes, and textural features. This limits the
transfer efficacy of the high-level semantic features obtained from
natural images for weld defect recognition. Pipeline weld X-ray
images often exhibit extremely small defect regions. This imbal-
anced defect-background distribution further increases the
domain differences compared to the diverse scene distributions in
ImageNet. Therefore, studies often freeze only the first few layers
of the pretrained model or employ a lower learning rate to refine
all the model weights (Chandra and Thakkallapally, 2021; Nazarov
et al,, 2021). Liu et al. (2023a) proposed a novel task transfer
learning approach to enhance the interpretability and classifica-
tion accuracy of weld defect models. This approach used an
encoder trained on a weld X-ray image reconstruction task as the
feature extraction component for the defect classification task. By
simulating expert knowledge via this task transfer, the model
more effectively learned the relevant weld defect features before
connecting to a classifier for the final classification step.
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Cheng et al. (2024) proposed a multimodal defect classification
method that integrated domain expert knowledge with deep
learning models, which transformed the defect detection stan-
dards and expert experience into textual descriptions. It provided a
joint representation of the images and text via dual-encoder ar-
chitecture and contrastive learning. This allowed the model to
understand defect features based on expert knowledge, conse-
quently improving its classification accuracy and interpretability.
Compared to the previously mentioned methods, this multimodal
recognition approach fully utilizes professional knowledge, re-
duces the dependence on a large number of annotated images, and
increases the consistency of the classification results with expert
cognition.

Image classification methods primarily rely on CNNs, which are
designed to automatically recognize defect types in images. With
the advances in computer vision, researchers have developed
specialized CNN architectures for weld defect classification. Basic
CNNs typically have relatively simple structures and consist of
several convolutional, pooling, and classification layers. To
enhance classification performance, the fundamental frameworks
of these models are optimized, while additional enhancement
techniques are explored for hyperparameter refinement to
improve the results. Conversely, advanced CNN architecture
significantly enhances feature extraction and classification accu-
racy by incorporating more complex components. Various data
enhancement strategies have been developed to increase training
sample quality and diversity, ultimately enhancing the general-
ization ability of the model. Numerous classical CNN models have
proven effective for weld defect classification. Techniques such as
deep separable convolution and channel attention mechanisms
have been employed to further improve the performance of
advanced CNN models, following a similar optimization strategy to
that of customized CNNs. Transfer learning is a prominent
approach in weld defect classification. By leveraging pretrained
models, transfer learning reduces the dependency on large-scale
proprietary datasets while maintaining, or even improving, clas-
sification accuracy. Recent research has explored multimodal
methods that combine domain expert knowledge and image fea-
tures. These approaches employ contrastive learning to combine
images and textual knowledge, which improves classification ac-
curacy and interpretability. Despite significant progress, image
classification techniques still face certain challenges. Transfer
learning and data augmentation can address issues related to
small datasets, but some defect types still require sufficient
labeled data to ensure model accuracy and resilience. Although
knowledge-guided multimodal methods improve interpretability,
fully bridging the gap between artificial intelligence decision-
making and expert reasoning remains a significant challenge.
Furthermore, while image classification methods can effectively
identify the presence of defects, they typically cannot determine
their precise locations in the image. Achieving accurate defect
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localization requires more sophisticated post-processing algo-
rithms, representing a focal point for future improvement.

3.3.3. Semantic segmentation

Semantic segmentation-based methods train models using the
pixel-level annotations of weld X-ray images, aiming to accurately
classify and localize defects. Unlike image classification, which
provides only an overall classification, semantic segmentation
generates a prediction map of the same size as the input image.
Each pixel in this map is assigned a class label to precisely identify
defect locations and types. The semantic segmentation models
commonly used for weld defect detection include SegNet, Fast-
SCNN, Deeplab V3+, FPN (Feature Pyramid Networks), and U-
Net, all of which have exhibited excellent performance in defect
localization and detection.

SegNet is an encoder-decoder model designed specifically for
semantic segmentation tasks (Badrinarayanan et al., 2017). Fig. 8
illustrates its detailed architecture. The decoder uses a multilayer
convolutional and max-pooling structure similar to VGG16 to
extract rich features from the input image. Unlike VGGI16,
SegNet also saves the position indices of the maximum values
during max-pooling, which are then used to guide the nonlinear
upsampling process in the decoder. This helps recover the feature
map spatial structure and improves model performance. However,
the multiple pooling operations of SegNet can result in crucial
detail loss, especially for small targets such as weld defects in X-
ray images, which may reduce defect detection accuracy. There-
fore, an improved approach was proposed that reduced the
number of max-pooling layers and incorporated atrous convolu-
tion (Chang and Wang, 2021). This technique extended the
receptive field while increasing spatial information preservation,
enhancing the multiscale contextual understanding and
improving small defect detection accuracy. The ReLU activation
function was replaced with ELU and SeLU to accelerate training,
prevent neuron death, and improve generalization (Chang and
Wang, 2021; Tokime et al., 2019).

Fast-SCNN is a lightweight model for real-time semantic seg-
mentation, which significantly improves processing speed while
maintaining segmentation accuracy (Poudel et al., 2019). As shown
in Fig. 9, Fast-SCNN consists of a learning pyramid, a global feature
extractor, a feature fusion module, and a classifier. The learning
pyramid extracts base features from the input image and reduces
the dimensionality of the feature map via downsampling. The
global feature extractor captures multiscale contextual informa-
tion using parallel atrous convolutions, which enhances the ability
of the model to understand complex environments. Then, the
feature fusion module integrates features from different paths to
combine information, ensuring that the key details are preserved,
after which the classifier is used for pixel-level categorization. The
use of depthwise separable convolutions reduces the Fast-SCNN
model size while retaining a high performance level. Zhao et al.
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Fig. 8. A diagram of the SegNet architecture.
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(2021) validated the efficacy of Fast-SCNN for weld defect detec-
tion. The results showed that the model was capable of highly
precise segmentation with an average processing time of only 12.3
ms, demonstrating its practicality for real-time weld inspection
scenarios.

DeepLab V3+ (Chen et al.,, 2018) is an efficient semantic seg-
mentation model, which consists of an encoder and a decoder
(Fig. 10). The encoder extracts the basic input image features via a
backbone network, augmented with a spatial pyramid pooling
block that captures multiscale contextual information. The spatial
pyramid pooling is implemented using atrous convolutions with
varying expansion rates, allowing the model to adapt to targets of
different sizes. The decoder further refines the segmentation,
particularly for small targets and boundaries, by merging low-level
detailed features with high-level abstract features, which opti-
mizes the overall segmentation. DeepLab V3+ also employs
depthwise separable convolutions, which reduce the computa-
tional complexity of the model while enhancing its learning
capability. Gangadhara (2021) utilized a ResNet-101 backbone
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pretrained on ImageNet for DeepLab V3+ in a solution for weld
defect detection, which minimized the need for large datasets and
improved performance. The model achieved an average detection
accuracy of approximately 95.7% on the GDXray dataset.

The FPN is a foundational component for capturing multiscale
features to improve object detection performance (Lin et al,
2017a), and consists of a bottom-up pathway, a top-down
pathway, and lateral connections (Fig. 11). The bottom-up
pathway typically comprises standard CNNs that extract multi-
scale features from the input image to generate a series of feature
maps with varying abstraction levels. The top-down pathway re-
stores the spatial resolution of these feature maps via upsampling,
gradually passing high-level abstract features to lower levels.
However, traditional CNNs often produce feature maps at a single
scale, which can lead to inconsistent detection results, especially
for objects of varying sizes. Therefore, the FPN introduces lateral
connections, which combine low-level feature maps from the
bottom-up pathway with upsampled high-level feature maps. This
mechanism helps preserve spatial details while enhancing se-
mantic information, which significantly improves detection per-
formance. The FPN is not limited to object detection tasks but can
also be used for semantic segmentation. In their study on weld
defect segmentation, Xu et al. (2022) used ResNet-34 as the
backbone for the bottom-up pathway and combined Dice and
Focal loss to optimize the loss function. The results demonstrated
that this model effectively improved segmentation efficacy due to
the imbalance in pixel numbers between defective regions and the
background.

U-Net is a symmetric encoder-decoder model used specifically
for medical image segmentation (Ronneberger et al., 2015). Fig. 12
shows the U-Net architecture. The encoder gradually extracts high-
level abstract features from the input image using a series of con-
volutional and pooling layers to capture deeper semantic informa-
tion. The decoder reconstructs the feature maps via deconvolution,
which are then merged with corresponding feature maps from the
encoder using skip connections. Skip connections address the data
loss caused by the convolution and pooling layers by passing low-
level detail information to the decoder to improve segmentation
performance. U-Net stands out from other models due to its sym-
metric structure and skip connection mechanism that can
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efficiently preserve fine-grained details such as weld defects, as well
as its excellent performance on small-scale datasets. Therefore, U-
Net is extensively used for semantic weld defect segmentation.
However, the traditional U-Net model uses deconvolution for
upsampling, which can introduce tessellated artifacts and often
involves high computational costs due to a large number of pa-
rameters. Therefore, U-Net was optimized by combining nonlinear
interpolative upsampling and 1D convolution to improve detection
performance (Cai et al., 2024; Tyystjarvi et al., 2022). Conventional
encoders typically use a two-layer convolutional structure for
feature extraction. Although a deeper network can capture more
complex semantic information, it also increases the risk of gradient
vanishing, which impedes overall model performance. This stan-
dard convolutional approach also struggles to capture detailed
features, particularly in challenging scenarios such as low-contrast
or weak-textured weld images, which hinders detection. There-
fore, residual structures and attention mechanisms have been
incorporated into the encoder (Wang et al., 2024a; Yang et al,
2023a), enhancing the focus of the model on defect regions and
mitigating gradient vanishing to improve defect detection in com-
plex backgrounds. Li et al. (2025a) constructed encoders by
combining residual U-shaped modules with multilayer perceptrons,
which significantly enhanced multiscale feature extraction capa-
bility and reduced the number of encoder parameters. They also
introduced a multiscale segmentation head based on dilated
convolution attention mechanisms, which improved the capability
of the model to segment defects of different sizes (Li et al., 2025a).
Studies have also focused on improving the skip connections,
introducing a high-low-level feature fusion block to enhance the
ability of the model to recognize multiscale defects (Wang et al.,
2024a). The results demonstrated an 8% improvement in segmen-
tation accuracy compared to the original U-Net. Further improve-
ments included combining the multiscale feature fusion block with
an attention mechanism module to improve multiscale and
contextual feature extraction capacity, which was particularly
beneficial for small-defect detection (Yang et al., 2022c, 2023a).
Furthermore, weighted loss functions or hybrid loss strategies
combining binary cross-entropy and Dice loss have been introduced
to address the pixel imbalance between weld defects and the
background. These approaches help increase the defect
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segmentation accuracy (Li et al., 2024c; Yang et al., 2022c, 2023a).
Cui et al. (2025) developed the SDCT framework to improve the
segmentation accuracy of micro-defects. This strategy employed a
semantic discriminative encoder to enhance the representation of
micro-defect features and incorporated a contrastive trans-
formation mechanism to separate defect characteristics from
background elements. This technique utilized a progressive iterative
decoding approach to achieve precise micro-defect segmentation at
the pixel-level. To improve the generalization ability of the model, Li
et al. (2024c) proposed a multiscale, deeply supervised loss func-
tion, which facilitated feedback from different layers. An entropy-
based uncertainty assessment method was introduced, which
enabled the model to evaluate the reliability of its outputs, partic-
ularly when working with small or ambiguous datasets.

Differentiating between actual defects and the background
features remains a significant challenge in X-ray weld defect
detection, which can significantly affect segmentation accuracy.
Similar issues exist in other non-destructive testing techniques.
During pipeline magnetic flux leakage (MFL) detection, the close
relationship between defect and weld signals also impacts detec-
tion precision. Therefore, Shen et al. (2024) proposed the CRNet,
which employs sparse attention mechanisms and explores mul-
tiscale relationships to mitigate issues related to signal coupling,
achieving a detection accuracy of 95.5%. Furthermore, multimodal
semantic segmentation techniques have demonstrated promise
for pipeline MFL defect detection. Shen et al. (2025a) developed
the VLCIM, which facilitates precise pixel-level defect segmenta-
tion by fusing expert domain knowledge with visual features,
attaining 86.7% mean intersection over union (mloU) in the MFL-
Seg dataset. This method integrates linguistic information into
the visual encoder, progressively optimizing both visual and lin-
guistic features, offering new multimodal fusion insights for X-ray
weld defect segmentation.

Besides model architecture improvements, the quantity and
quality of the training data also limit defect segmentation per-
formance. Sufficient pixel-level annotation data allows models to
learn richer defect feature representations, improving their seg-
mentation capability and generalization performance for different
defect types. Therefore, researchers typically employ basic
methods such as horizontal flipping, vertical flipping, and random
noise addition for data augmentation (Cai et al., 2024). However,
traditional data augmentation methods produce samples with
limited diversity, which makes it difficult to determine complex
weld defect variations. Wang et al. (2025b) proposed a DA-
DCGAN-based method to generate virtual defect images for
model training, significantly improving segmentation accuracy by
producing more realistic, diverse training samples. Although
large-scale annotated data forms the foundation of high-
performance models, image quality also directly affects defect
segmentation performance. Low-contrast, high-noise pipeline
weld X-ray images severely impact accurate defect boundary
localization, which significantly reduces segmentation accuracy.
Therefore, researchers typically use methods such as gamma
correction and histogram equalization to improve image quality
(Yang et al., 2021b). Some studies have developed more effective
segmentation-specific image enhancing strategies. Xu et al. (2022)
utilized linear color lookup tables to map high-resolution weld
images from a 12-bit to an 8-bit depth, which improved the sub-
sequent segmentation efficiency while preserving critical defect
information and reducing data redundancy. Li et al. (2023a) pro-
posed a high-resolution sample construction method that first
precisely located weld regions using a random-walk Gaussian al-
gorithm to reduce background interference. Then, a feature
recombination strategy was designed for high-resolution images
based on the weld aspect ratio characteristics. This approach
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effectively preserved weld information while preventing the in-
formation loss caused by traditional compression methods. The
experiments demonstrated that this feature recombination pro-
cessing method significantly improved defect segmentation model
accuracy.

To summarize, several deep learning architectures are
commonly used for weld defect semantic segmentation. SegNet,
DeepLab V3+, Fast-SCNN, and U-Net all follow a typical encoder-
decoder structure, while FPN features a specialized encoder-
decoder design. It encodes features via a bottom-up backbone
network while decoding occurs via a top-down path with lateral
connections. However, the standard SegNet architecture relies on
basic convolutional layers for feature extraction, which may cause
information loss and negatively impact segmentation perfor-
mance. Therefore, the encoder structure and activation functions
have been enhanced to improve feature extraction efficiency and
generalization capability. U-Net has attracted considerable atten-
tion due to its strong performance in various semantic segmen-
tation tasks, prompting extensive research focusing on improving
the encoder structure, skip connections, and loss functions,
significantly enhancing segmentation accuracy. Despite the strong
potential of semantic segmentation techniques for weld defect
detection, a major challenge remains in obtaining high-precision
defect pixel annotations, which continues to limit the develop-
ment of these methods.

3.3.4. Object detection

Object detection-based recognition methods accurately
localize and classify weld defects by primarily training models
using bounding box annotations, which consist of rectangular
boxes and corresponding category labels. While semantic seg-
mentation can also be used for weld defect localization and clas-
sification, its output typically consists of a multiclass labeled map.
Contrarily, the object detection approach provides a more intuitive
result by directly labeling both the location and class of defects in
the original X-ray image. Detection architectures are currently
categorized into two-stage and one-stage detectors.

Two-stage detectors generate a set of candidate regions, fol-
lowed by defect classification and bounding box regression to
determine the final recognition results. Faster R-CNN is a typical
example of this architecture (Fig. 13), consisting of two main
components: the region proposal network (RPN) and the detector.
The RPN generates candidate regions by sliding a window over the
feature map to produce multiscale anchor points at each location,
determining the likelihood of each anchor point being a target, as
well as the bounding box adjustment parameters. The detector
extracts features from these candidate regions, transforms them
into fixed-size feature vectors using ROI pooling, and performs
target classification and bounding box regression via fully con-
nected layers. Lei et al. (2022) proposed a standard Faster R-CNN
model to evaluate the related weld defect recognition efficacy,
which accurately identified circular defects, lack of fusion, and
linear defects. Guo et al. (2019) developed a Faster R-CNN that
recognized seven defect types and no-defect cases, achieving a
mean average precision (mAP) of 58.6%. Chen (2022) specifically
proposed a Faster R-CNN model for defect recognition in radio-
graphic small-diameter pipeline weld images, using VGG16 as the
feature extraction network, which achieved an average accuracy of
85.91%. These studies highlight the strong potential of Faster R-
CNN for weld defect detection. However, due to the diverse shapes
and sizes of weld defects, as well as low-contrast and blurred
boundaries, the standard Faster R-CNN may struggle with accurate
recognition, prompting the integration of FPN and Faster R-CNN to
enhance the detection of defects of varying sizes (Ji et al., 2023; Xu
et al., 2023a). Additionally, a new channel and position attention
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Fig. 13. A diagram of the Faster R-CNN architecture.

mechanism (SPAM) was introduced that allowed the model to
focus on critical regions more precisely, which improved the
average recognition accuracy for subtle defects by 4% (Ji et al.,
2023). Oh et al. (2020) optimized the size and aspect ratio of the
anchor frame by analyzing the weld defect dimensions. This
improved the anchor frame to more effectively capture defects of
different sizes and shapes, which enhanced detection perfor-
mance. The standard Faster R-CNN framework sends candidate
regions directly to the detector for classification and bounding-box
regression, which can hinder performance due to inaccurate target
localization. Therefore, Cai and Vasconcelos (2021) proposed
Cascade R-CNN, which refined candidate regions via multiple
cascaded bounding-box regression steps to improve localization
accuracy. Similarly, Zhang et al. (2023a) developed a specialized
weld defect recognition model based on Cascade R-CNN and
introduced an adaptive threshold technique to improve defect
segmentation, achieving an almost 90% recognition accuracy. To
further enhance multiscale feature extraction, FPN was integrated
into the Cascade R-CNN model. A feature batch elimination
network was employed to randomly eliminate certain features,
effectively reducing overfitting (Dai et al., 2025).

One-stage detectors directly predict defect class and location
from the image without generating candidate regions. One-stage
detectors are widely used in practical applications due to their
simplicity and high efficiency. YOLOv3 (Redmon and Farhadi,
2018) and YOLOv5 (Zhu et al, 2021) are the most popular

models for weld defect detection. Figs. 14 and 15 show the specific
architecture of these models. YOLOv3 combines a new feature
extraction network with residual blocks to increase the network
depth while preventing gradient vanishing, consequently
enhancing its feature extraction capability. It also incorporates a
multiscale prediction block to improve detection accuracy for both
large and small targets. Yang et al. (2019a) developed a weld defect
detection model based on standard YOLOv3, achieving an average
defect recognition accuracy of 91.02%, a 12% improvement over the
standard Faster R-CNN. To accelerate model training, Yang et al.
(2022b) reduced the size of the large-scale detection branch and
introduced depth separable convolutions, reducing the weight of
the model and its dependency on high-performance hardware
(Yang et al.,, 2022b). Another study optimized YOLOv3 feature
extraction by integrating Ghost convolution and cross-state local
network (CSP) blocks to reduce model parameters and improve
operational efficiency (Liu, 2021). YOLOv5 further optimizes the
network structure, enhancing both detection accuracy and effi-
ciency. It adopts a more efficient feature extraction design that
reduces computational cost while maintaining extraction perfor-
mance using the (CSP) technique. YOLOV5 also features an auto-
matic anchor generation mechanism, which increases the ability
of the model to detect targets of various sizes. Yang et al. (2021a)
employed eight defect types to evaluate the recognition capability
of YOLOv5, demonstrating excellent detection efficacy. To improve
YOLOv5 feature extraction, both spatial and channel attention
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Fig. 15. A diagram of the YOLOv5 architecture.

mechanisms were added to minimize the impact of irrelevant
features and enhance detection accuracy (Cheng et al., 2022; Xu
et al., 2023b). Wang et al. (2025¢) comprehensively analyzed the
independent effects of channel and spatial attention mechanisms
on weld defect detection in terms of feature extraction, salient
pixel tracking, and feature clustering. The results indicated that
spatial attention mechanisms significantly outperformed channel
attention mechanisms, effectively improving feature information
entropy, model focus on defect regions, and separation between
defective and non-defective feature clustering. Since most weld
defects are small, the detection accuracy for these defects is
improved by removing the large-object detection layer and
incorporating the GhostBottleneck module, along with DloU and
CloU loss functions (Cheng et al., 2022). However, this optimiza-
tion may reduce detection accuracy for large defects. Kwon et al.
(2023) proposed a YOLOv5 twin-model approach for detecting
both large and small defects, using multiscale feature maps to
enhance recognition accuracy. In addition to YOLOv3 and YOLOVS5,
the RetinaNet one-stage detector (Lin et al., 2017b) has also been
used for weld-defect detection. RetinaNet employs Focal loss to
address the issue of imbalanced sample distribution in datasets.
Experiments have shown that RetinaNet can maintain a high mAP
of around 82% even in unbalanced samples (Wang et al., 2019).
Based on the YOLO model, Jiang et al. (2025) proposed a weld
defect detection method that integrated dynamic film reading
knowledge from the non-destructive testing domain. This method
simulated the dynamic manual film reading process via a loga-
rithmic transformation-based multi-image decomposition
approach. This technique employed channel attention mecha-
nisms for multi-image feature fusion and the YOLO model for
defect detection.

In addition to the research discussed above, several studies
have developed customized models that exhibit excellent detec-
tion performance. To address the challenge of background noise
from non-weld regions affecting defect recognition, Wang et al.
(2024b) developed a comprehensive model capable of simulta-
neous weld region segmentation, defect classification, and locali-
zation. This model improved multiscale feature capturing by
combining residual networks and FPNs, significantly enhancing
the accuracy compared to classic models such as Faster R-CNN. Zuo
et al. (2024d) proposed two feature extraction networks with
different depths and widths for small-defect detection, using FPNs
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to fuse multiscale features. They also introduced an iterative
detection mechanism to progressively enhance the model repre-
sentation of tiny defects, improving detection accuracy by
approximately 6% compared to YOLOvV7 (Zuo et al., 2024d). Weld
defects often exhibit significant shape and size differences. Zuo
et al. (2024a) designed an anchor-free approach based on dy-
namic receptive fields and task alignment to improve the accuracy
of complex defect detection. This method flexibly adjusted feature
extraction ranges and decoupled localization and classification
tasks to effectively address defect morphology and size diversity. A
defect detection model was developed that improved complex
deformation feature capturing by introducing spatial trans-
formation attention and enhanced the prediction accuracy for
multiscale defects via multilevel attention feature fusion (Zuo
et al., 2024b). The results demonstrated that this method signifi-
cantly improved detection accuracy, achieving a recall rate of
0.903 for large-scale cracks and 0.886 for small-scale cracks. Zhang
et al. (2025) proposed DSF-YOLO to address the challenges posed
by blurred boundaries and diverse defect shapes in weld X-ray
images. This method incorporated a dynamic staged fusion feature
extraction module and a dual multi-scale feature fusion module,
which effectively combined global and local features via a dynamic
fusion strategy within dual backbone networks. The results indi-
cated that this model achieved 74.7% mAP50:95, surpassing the
performance of YOLOv8-X, while reducing FLOPs by 75%. Recent
studies have developed specific models for defect recognition in
small-diameter pipeline weld X-ray images. Given the narrow
weld regions and significant defect size variations in small-
diameter pipelines, the proposed models employ full feature
fusion networks that effectively enhance the capability to recog-
nize defects with different scales and aspect ratios by merging
deep semantic information and shallow shape features (Shi, 2021;
Shi et al, 2023a). To address the specific requirements for
detecting tiny defects in small-diameter pipelines, Bai (2023)
designed AFFM-Net, which introduced a fusion attention mecha-
nism based on shape and positional awareness. This was combined
with a weighted feature pyramid network to more accurately
capture defect morphology and spatial position information.
Additionally, Yang et al. (2025) specifically targeted the charac-
teristics of low-quality X-ray images of small-diameter pipelines,
proposing a spatial-frequency feature fusion network based on
multidimensional collaborative enhancement strategies. This
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approach significantly improved defect recognition accuracy in
complex imaging conditions via multidimensional, multiscale
feature extraction, and spatial-frequency joint enhancement.

Similar to semantic segmentation methods, the quantity and
quality of training images are also key factors that influence defect
detection performance. Traditional methods such as horizontal
flipping, vertical flipping, and random cropping are widely applied
to increase training image diversity for data augmentation (Wang
etal.,, 2019; Yang et al., 2021a). However, these traditional methods
can only provide limited diversity and cannot effectively address
situations of severe training data insufficiency. Li et al. (2024a)
proposed a high-resolution X-ray welding defect data augmenta-
tion model based on real samples. The design included two data
augmentation generation modes that simultaneously generated
large quantities of defect images and annotations, which signifi-
cantly improved training image diversity. Image quality signifi-
cantly impacts object detection, especially when processing low-
quality X-ray images. Research has shown that motion blur prob-
lems in images significantly reduce object detection performance
(Kupyn et al., 2018). To address this issue, Yang et al. (2021a)
proposed a deblurring method based on Hough transform that
effectively improved defect detection accuracy. Although this
method resolves motion blur problems, it still presents challenges
with low contrast and insufficient dark detail that commonly exist
in pipeline weld X-ray images. Wang et al. (2025b) constructed
high-grayscale enhancement mapping functions for super 8-bit
high-grayscale X-ray images, mapped 12-bit images to 16-bit
high-resolution images, and designed a high-resolution pseudo-
color enhancement strategy by combining HIS pixel self-
transformation and RGB models to significantly enhance the
dark details and contrast in images. Experiments show that
models trained with processed images can achieve an average
detection accuracy of 92.72%, displaying significantly improved
detection efficacy for weak contrast and small-target defects. A
general adaptive enhancement method based on spatial domain
filtering was proposed that significantly improved image details.
Deformable convolutions were introduced into the defect detec-
tion models, enabling flexible feature extraction from various
complex faults (Zuo et al., 2023). Combining image enhancement
with detection model optimization improved the detection accu-
racy by approximately 2.3% compared to the original image
models. Zuo et al. (2024c) utilized a data calibration method based
on window width and window level adjustment that eliminated
the influence of invalid pixels, which significantly enhanced the
dark details and image quality. This method achieved an actual
recognition accuracy of 97.4% when combined with multiframe-
work defect detection. Although these methods significantly
enhance image quality and defect recognition, they mostly adopt
separate processing approaches that increase the complexity of
defect detection workflows. Therefore, Zuo et al. (2025a) used end-
to-end intelligent weld defect detection system that tightly inte-
grated adaptive image preprocessing with progressive feature
extraction methods, which resulted in the collaborative optimi-
zation of low-brightness, low-contrast X-ray images to enhance
defect detection. The results demonstrated that this end-to-end
integrated approach significantly improved the detection accu-
racy compared to other methods.

Beyond model architecture optimization, researchers have
begun exploring ways to improve model detection accuracy with
limited annotation resources. As an effective technique for
reducing annotation costs (Ren et al., 2021), active learning has
gradually attracted attention for weld defect detection. Liu et al.
(2022b) proposed a pipeline weld defect detection method based
on active few-shot learning for the automatic screening of high-
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value samples from unlabeled data to facilitate expert annota-
tion via uncertainty sampling strategies and effectively address
annotated sample scarcity. To address more complex detection
scenarios, Zuo et al. (2025b) proposed an active learning-based
weld defect detection method for the intelligent selection of
high-value samples from unlabeled data, which significantly
improved fault recognition accuracy in unknown scenarios and
increased the detection precision to 95.4% in real-world situations.

In summary, object detection-based methods offer significant
advantages for weld defect recognition. Unlike semantic seg-
mentation, object detection directly labels defect locations and
types in the original image, providing more intuitive recognition
results. Current weld defect detection architectures are mainly
divided into two-stage and one-stage detectors. Two-stage de-
tectors, such as Faster R-CNN, achieve high accuracy by first
generating candidate regions, followed by classification and
bounding box regression. However, they present high model
complexity, slow detection speed, and a reliance on the quality of
the candidate regions. One-stage detectors, such as YOLOv3 and
YOLOv5, improve both detection speed and accuracy via direct
defect classification and localization without generating candidate
regions. To address the challenges posed by weld defects with low
contrast, varying morphologies, and different sizes, techniques
such as FPN and attention mechanisms have been introduced to
enhance the multiscale detection capacity of the model. Addi-
tionally, research into customized models is advancing the field of
intelligent weld defect detection. New domain knowledge fusion
and active learning technologies offer new object detection-based
defect recognition research avenues. Knowledge-guided detection
methods improve recognition capability for specific defect types,
while active learning strategies maintain or enhance detection
performance while reducing annotation requirements, particu-
larly excelling in few-shot and complex scenarios. Despite the
success of object detection methods, further development is
restricted by the lack of large-scale, high-quality, and accurately
labeled datasets. Although active learning methods can effectively
address dataset limitations, the selected high-value samples still
require fine-grained annotation. While border-level annotation is
cheaper than pixel-level annotation, it is still time-consuming and
requires expertise, remaining a key obstacle in advancing this
technology.

3.3.5. Evaluation indicators

Subjective and objective evaluations are commonly used to
assess the performance of deep learning-based defect recognition
methods. Subjective evaluation qualitatively analyzes the perfor-
mance of a model by directly observing its test-set recognition
results. Conversely, objective evaluation quantitatively measures
the efficacy of a model according to predefined performance
metrics. Classification is central to all methods, whether based on
image categorization, semantic segmentation, or object detection.
The confusion matrix serves as the foundation for calculating
various evaluation metrics when evaluating classification perfor-
mance (Table 5).

InTable 5, Tp denotes the number of samples whose true class is
positive, with positive predicted results. F, represents the number
of samples whose true class is positive with negative predicted
results. F, signifies the number of samples whose true class is
negative with positive predicted results. T, denotes the number of
samples whose true class is negative with negative predicted re-
sults. The specific meanings represented by Ty, Fy, Fp, and T, in
different tasks varies. Tables 6, 7, and 8 show the performance
evaluation indicators in different tasks.
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Table 5
The confusion matrix.
Prediction
Positive Negative
Reference Positive True positive (T, False negative (F,
p
Negative False positive (Fp) True negative (T)
Table 6
The performance evaluation indicators for the image classification methods.
Name Equation Explanation
Accuracy Tp+Ta Tp: The true class is the specific class, and the predicted class represents its sample numbers.
Tp+Fp +Fa+ Ty
Precision T Fn: The true class is the specific class, and the predicted class represents other class sample numbers.
P
Tp + F . . .
Recall p; P Fp: The true class is another class, and the predicted class represents specific class sample numbers.
_ P
Tp + Fn . .
F1 score Precision x Recall Tn: The true class is another class, and the predicted class represents other class sample numbers.
Precision + Recall
Table 7
The performance evaluation indicators for the semantic segmentation methods.
Name Equation Explanation
Pixel accuracy Tp +Tha Tp: The true class is the specific class, and the predicted class represents its pixel numbers.
Tp+Fp+Fa+Th
Precision T Fn: The true class is the specific class, and the predicted class represents other class pixel numbers.
P
Intersection over union Tp+ ;p Fp: The true class is another class, and the predicted class represents the specific class pixel numbers.
P
Tp+Fp+Fa . . .
Mean intersection over union (mloU) 1 Z" oU Tn: The true class is another class and the predicted class represents other class pixel numbers.
= Y (10
. n -l n: The total number of classes in the semantic segmentation task.
Dice 2xTp

2xTy+Fy+Fy

Table 8
The performance evaluation indicators for the object detection methods.
Name Equation Explanation
Average precision f[} P(rydr P(r): Precision for recall r.
Mean average precision 1 n n: Total classes of Fhe object detection task.
7 2_io1 AP AP: Average precision. .
. . A: Area of the projected bounding box.
Intersection over union __AnB B: Area of the true bounding box
A+B_(ANB) : g DOX.

3.4. Brief summary

This section compares representative algorithms from various
categories to comprehensively evaluate the performance and
applicable scenarios of different defect recognition methods.
Table 9 presents the performance metrics, datasets, and appli-
cable scenarios of the representative algorithms from three major
categories: signal processing-, feature design-, and deep learning-
based methods. In the computational efficiency/model size col-
umn, s denotes seconds per image, ms represents milliseconds per
image, and M indicates model size. Different types of defect
recognition methods exhibit distinct differences in detection per-
formance and applicable scenarios. Specifically, although signal
processing-based defect recognition methods are computationally
simple, their performance is relatively limited. Feature design-
based defect recognition methods demonstrate good detection
efficacy in specific application scenarios, such as recognizing cir-
cular and linear defects in small-diameter pipelines. Deep
learning-based methods exhibit superior recognition performance
but require more significant data and computational resources.
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Based on these comparisons, Table 10 provides an overview of
the methods used for defect recognition in pipeline weld X-ray
images, as well as an analysis of their strengths and weaknesses.
Signal processing-based defect recognition methods simplify
calculations by using direct mathematical operations. This in-
volves simple pixel-level calculations without complex iterative
processes or large matrix operations, which are easy to interpret,
require minimal data, and maintain low computational costs.
However, these methods primarily focus on detecting defects in
the weld area without accurately identifying the defect types.
Contrarily, feature design-based defect recognition methods
manually design and extract features through image processing
to facilitate richer defect descriptions. These features are used to
construct pattern recognition models for precise defect type
identification. The efficacy of these features directly impacts
recognition performance. Moreover, most of the features are
designed based on expert experience, which introduces subjec-
tivity into the process. The efficiency of feature design-based
methods primarily depends on the number and complexity of
the extracted characteristics. Simple geometric features require
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The performance evaluation of the representative defect recognition methods.
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Method Performance Computational efficiency/ Dataset Applicable scenario

model size

Signal processing-based defect recognition method

Vertical filter (Radi et al., Dice: 0.9961 - GDXray Horizontal defect detection
2022)

Horizontal filter (Radi et al., Dice: 1.0 - GDXray Vertical defect detection
2021)

Combining global and local - - Self-built datasets Defect detection in low
thresholding computing resources
(Thiruganam et al.,

2010)

Feature design-based defect recognition method

Shape geometric
features + textural
features + BP (Valavanis
and Kosmopoulos, 2010)
Shape geometric
features + Bayesian
network (Goumeidane
et al., 2015)
Shape geometric
features + fuzzy C-mean
(Tridi et al., 2005)
Sparse description (Xiao
et al.,, 2024)

Accuracy: 85.4%

Accuracy: 96.3%

Accuracy: 88.9%

Accuracy: 97.2%

5.50s

Deep learning-based defect recognition method (image classification)

Progressive CNN (Chen
et al., 2020)

Hybrid feature learning
based on base-class and
cross-class (Liu et al.,
2023b)

Consistent multiscale
feature mapping (Liu
et al., 2022a)

Comparative learning of
defective prototypes for
natural language
supervision (Cheng et al.,
2024)

Improved DG-MobileNet
(Pan et al., 2023)

Accuracy: 98.7%

Accuracy: 92.1%

Accuracy: 93.7%

Accuracy: 90.7%

Accuracy: 98.62%

2798 M

125 M

Deep learning-based defect recognition method (semantic segmentation)

Fast-SCNN (Zhao et al.,
2021)

VGG16-UNet (Sun et al.,
2024)

YOTT-DKNet (Li et al.,
2024c)

DA-DCGAN + U-Net (Wang
et al,, 2024a)

Multifeature enhanced
fusion (Li et al., 2023a)

Deep learning-based defect recognition method (object detection)

STMA-Net (Zuo et al.,
2024b)

High gray enhanced (Wang
et al.,, 2025b)

Image quality
enhancement and defect
detection collaboration
(Zuo et al., 2025a)

Active learning (Zuo et al.,
2025b)

Active few-shot learning
(Liu et al., 2022b)

YOLO-Xweld (Yang et al.,
2022b)

mloU: 75.7%
mloU: 82.8%
Dice: 0.7181
mloU: 77.4%

Dice: 0.7791

Precision: 86.7% (Large
crack)

Precision: 81.0% (Small
crack)

mAP: 88.7%

Precision: 85.3% (low light)
Precision: 89.6% (foggy)
AP: 94.5%

AP: 89.7%

mAP: 99.8%

123 ms

0.0373 s
/94.95 M
0.836 M

0.15s

0.318 s

12.5ms/16.5 M

1.765 s

159 ms/23.4 M

288 M

0.021s/15.2M

4.6 M
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Self-built datasets

Self-built datasets

Self-built datasets

Self-built datasets

Self-built datasets

GDXray + Self-built

datasets

Self-built datasets

Self-built datasets

Self-built datasets

Self-built datasets
Self-built datasets
GDXray
GDXray

GDXray

GDXray + Self-built datasets

Self-built datasets

Self-built datasets

Self-built datasets

Self-built datasets

Self-built datasets

Defect detection with few
features

Defect detection
uncertainty quantification

Unsupervised defect
detection

Circular and linear defect
detection in small-
diameter pipelines

Lack of labeled defective
samples

Class imbalance defect
detection

Low-quality weld
radiographic defect
detection

Defect detection for
interpretable decisions

Highly efficient defect
classification

Highly efficient defect
detection

Detection uncertainty
quantification

Lack of labeled defective
samples
High-resolution weld
radiographic defect
detection

Complex shape and
multiscale defect detection

High-resolution weld
radiographic defect
detection
Low-quality weld
radiographic defect
detection

Defect detection for
unknown scenarios

Lack of labeled defective
samples

Environmental constraint
detection
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Method Performance Computational efficiency/ Dataset Applicable scenario
model size
AFFM-Net (Bai, J., 2023) mAP: 78.7% 102.85 M Self-built datasets Small-diameter pipeline
FFF-MD (Shi, 2021) mAP: 82.1% 103.04 M defect detection
Faster RCNN-VGG16 (Chen, mAP: 85.9% -
2022)
MCSF-Net (Yang et al., mAP: 78.7% 51 M
2025)
Table 10

The strengths and weaknesses of the defect recognition methods for pipeline weld X-ray images.

Methods Strengths

Weaknesses

Signal processing-
based defect
recognition method

Feature design-based
defect recognition
method

Deep learning-based
defect recognition
method

e Highly interpretable.
e Simple and inexpensive calculation.

provide richer defect information.

designed.

patterns.

Characterize defects according to designed features to

Identify defect types using designed features.
e Features are automatically extracted instead of manually

Excellent defect recognition performance for complex

o Defect type classification is challenging.

Designed features rely on expert knowledge.
o Feature validity affects recognition performance.
e Training processes typically require large amounts of labeled
data and powerful computational resources.

e Poor interpretability.

minimal computational resources, while complex textural fea-
tures involve intensive mathematical computations. Techniques
for reducing dimensionality can help lower the feature vector
dimensions to accelerate computational speed, while classifier
selection also affects computational efficiency. For example, a
simple KNN can be calculated rapidly, unlike a more complex
multiclass SVM that requires more computational resources.

Unlike these two methods, deep learning-based defect
recognition techniques are capable of automatic weld defect
feature extraction and learning complex patterns and represen-
tations. These methods are superior in recognizing defects in
intricate patterns, making them the most popular current
approach for weld defect detection. Deep learning algorithms
have demonstrated good adaptability in small-diameter pipeline
weld defect recognition via reasonable model design. Various
models have been proposed for the specific detection of small-
diameter pipeline defects by optimizing the multiscale feature
fusion and attention mechanisms. These models effectively
addressed challenges such as narrow weld regions and minute
defect sizes, confirming the flexibility and potential of deep
learning methods to process the weld images of pipelines with
different diameters. Furthermore, combining image quality
optimization with detection methods is crucial for improving
recognition performance. For low-quality X-ray images, appro-
priate image quality optimization techniques not only improve
image quality but also significantly enhance defect detection
accuracy. However, unlike methods that rely on direct pixel-level
analysis and predefined feature extraction, the training of deep
learning-based models requires a large volume of labeled data
and significant computational resources due to their complex
multilayer architectures and iterative parameter optimization
processes. The accuracy and resilience of these models can only
be improved through training on extensive labeled datasets.
Additionally, the recognition results from deep learning methods
are often difficult to interpret, which can hinder defect analysis.
Furthermore, most current deep learning models still require
optimization training for specific pipeline diameters and lack
cross-diameter generalization capability, which limits model
universality in practical industrial applications.
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4. Challenges and prospects

Research aims to develop a model for pipeline weld X-ray im-
age defect recognition that can assist or replace manual defect
inspection and reduce the costs associated with traditional
assessment techniques. As discussed in Section 3, deep learning-
based defect recognition method outperforms other approaches
and is the most efficient technique for intelligent weld defect
recognition. This section discusses the challenges and prospects of
deep learning-based defect recognition methods, focusing on as-
pects related to data, models, and applications (Fig. 16).

4.1. Data perspective

Since most deep learning-based methods are data-driven and
depend on feature learning, the quality and quantity of data is
crucial. However, several challenges arise in constructing suitable
datasets. First, data collection is challenging, particularly when
inspecting industrial weld X-ray images. The low specific defect
occurrence rate makes it difficult to gather a sufficient number of
images. Second, the collected data often requires extensive pre-
processing. The complexity of actual industrial welding environ-
ments and the varying parameters of digital scanners increase the
intricacy of the images. Pipeline diameter variations exacerbate
image complexity. The weld X-ray images of large-diameter
pipelines have complex backgrounds that require focused noise
suppression, while those of small-diameter pipelines contain tiny
defects that necessitate fine preservation of edge details during
noise suppression. Therefore, effective preprocessing is essential
to ensure adequate defect recognition algorithm performance.
Additionally, data labeling presents a significant challenge. Most
deep learning models require precise labels for training, which can
be at the image level, pixel level, or in the form of bounding boxes.
Generating these labels is time-consuming and labor-intensive,
and relies heavily on specialized knowledge. Pipeline diameter
variations also complicate annotation. Small-diameter pipeline
weld defects demand higher annotation precision, while the weld
X-ray images of large-diameter pipelines present complex back-
grounds which may complicate accurate boundary definition.
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Fig. 16. The challenges and prospects of oil and gas pipeline weld X-ray image defect recognition.

Despite the challenges in collecting large-scale datasets, the
issue of limited data can be partially mitigated using traditional
augmentation techniques such as GANs. However, data diversity is
crucial to ensure that the generated virtual samples yield the
desired outcomes. Although deep learning methods outperform
other approaches in weld X-ray image preprocessing, the size of the
dataset remains a major obstacle for the development of these
techniques. Few-shot learning (Shi et al., 2023b) and zero-shot
learning (Li et al., 2025b) may offer viable solutions to address
these challenges. Few-shot learning aims to train models with
highly limited labeled data, while zero-shot learning focuses on
recognizing defects absent during training. Extracting valuable in-
formation from unlabeled samples is essential to reduce the cost of
labeled data. In this context, strategies such as semi-supervised
(Wang et al., 2024c), weakly supervised (Li et al., 2023b), and un-
supervised learning (Liu et al., 2024a) present promising alterna-
tives. Semi-supervised learning enhances model performance with
limited labeled data, weakly supervised learning achieves results
with less expensive labels, and unsupervised learning focuses on
defect detection without the need for labeled data. The FUDet
proposed by Zhao et al. (2025) has shown exceptional promise for
detecting MFL signals during unsupervised learning. This method
relies solely on normal samples for training while achieving high-
precision anomaly detection via modules designed for bidirec-
tional discrimination, dynamic noise generation, and reconstruction
classification. Essentially, it learns the distribution of anomalous
features from normal data by merging feature discrimination with
reconstruction techniques. This offers valuable insights for
enhancing unsupervised learning in weld X-ray defect detection.

4.2. Model perspective

Deep learning models face several challenges in addition to
data limitations. First, the lack of specialized knowledge is a
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significant issue. While deep learning methods can automatically
extract features from large datasets, they often overlook the
importance of domain-specific expertise, which complicates
model training, hinders optimal performance, and reduces accu-
racy when addressing specific defects. Second, deep learning
models suffer from poor interpretability. These models are often
viewed as “black boxes”, with unclear decision-making processes
that reduce their credibility and acceptance. Third, the general-
ization ability of these models is limited. Variations in weld X-ray
image styles due to differences in pipeline diameter, imaging
techniques, transmission angles, and scanning equipment can
significantly impact model performance. The impact of pipeline
diameter variations is particularly significant. The pipeline weld X-
ray images of both large- and small-diameter pipelines exhibit
obvious differences in weld region width and background
complexity. Even when models perform exceptionally on training
data from specific pipeline diameters, the detection efficacy may
significantly decline when faced with images of pipelines with
different diameters.

Incorporating specialized knowledge into deep learning
models is essential to address these issues. This integration can
optimize initial model parameters and guide the model to effec-
tively capture relevant features, ensuring a more stable training
process (Zhou et al., 2024). Knowledge graphs are gaining popu-
larity for model enhancement due to their ability to fuse domain-
specific knowledge. Techniques such as class activation mapping
(CAM) can visualize the internal decision-making processes of a
model to improve its interpretability (Shin et al., 2023). Leveraging
the advanced inference capabilities of graph neural networks
(GNNs) to predict defect types can further enhance interpretability
(Apak and Farsadi, 2025). Lastly, domain adaptation techniques
(Shang and Chen, 2024) can be used to transfer existing weld
defect detection models to new scenarios, which addresses style
variations and enhance model resilience to improve
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generalization. The generalization capability for unknown defect
types represents a critical challenge for deep learning models.
Novel defect categories may emerge unexpectedly in industrial
inspection settings, while conventional models often fail to
effectively identify defect types obscured during training. To
address this issue in pipeline MFL detection, Wang et al. (2025a)
introduced the KTR-BUNN method. This approach used dual un-
biased neural networks to identify and differentiate unknown
defect types in target domains, effectively resolving detection
challenges in varying operational conditions. Furthermore, Shen
et al. (2025c) developed the EHD-Net. This method employs
elastic knowledge transfer and distorted heterogeneous distilla-
tion learning, allowing for the rapid acquisition of new defect
types while also mitigating the risk of forgetting previously
learned categories. Both methods demonstrate superior general-
ization capabilities for unknown defect types in MFL datasets,
providing valuable technical insights for intelligent X-ray weld
defect detection when faced with new challenges. Additionally,
large multimodal models (LMMs) represented by Generative Pre-
Trained Transformer (GPT) offer new opportunities for intelligent
weld defect recognition via their powerful multimodal under-
standing and reasoning capabilities. First, the multimodal capa-
bility of LMMs can be utilized to fuse textual knowledge such as
weld defect detection grading standards, defect descriptions, and
expert experience with pipeline weld radiographic images to
construct knowledge-enhanced multimodal weld defect detection
models. Therefore, advanced methods, such as Myriad (Li et al.,
2023c), can be used to integrate mature intelligent weld defect
detection algorithms into the LMM framework as visual experts,
effectively combining algorithm accuracy and generalization via
specially designed instruction frameworks and visual expert-
guided encoders. Second, the powerful few-shot and zero-shot
learning capabilities LMMs can effectively address data scarcity
issues for rare defect types via meta-learning mechanisms,
reducing the dependence on large amounts of annotated data.
Furthermore, their strong generalization capability enables rapid
adaptation across different pipeline diameters and welding pro-
cess situations, significantly reducing data requirements and time
costs for new scenario deployment. Finally, the instruction-
following capability of LMMs enables them to generate corre-
sponding analysis results according to different detection re-
quirements, supporting diverse outputs ranging from simple
defect determination to detailed causal assessment. In summary,
utilizing LMMs to construct intelligent weld defect recognition
models will drive their transformation from traditional single-
model, single-scenario approaches to unified frameworks with
multi-scenario adaptability.

4.3. Application perspective

The goal of pipeline weld X-ray image defect recognition is to
apply it effectively in real-world weld inspections. While many
deep learning-based defect recognition methods have demon-
strated strong performance on test datasets, they still face several
challenges in practical applications. A key issue is recognition in-
efficiency. These models often exhibit large sizes and high
computational complexity, which reduce recognition speeds and
efficacy in real-time or high-efficiency scenarios. Another chal-
lenge is multimethod integration. Relying on a single recognition
approach typically only addresses defect detection, without
meeting the broader needs of a comprehensive inspection process.
Pipeline diameter adaptability is another important challenge in
practical applications. Weld defect detection models for practical
applications must be suitable for both small- and large-diameter
pipelines. However, most current models still require training
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and optimization for specific diameter ranges, which limits system
universality and practicality.

Several strategies can be employed to address these challenges
and enhance the practical utility of defect recognition models.
First, high-performance computing hardware can significantly
improve model efficiency and reduce processing time. Second,
model optimization techniques such as knowledge distillation
(Tan et al., 2024), model compression (Zhong et al., 2024), and
network pruning (Guan and Li, 2024) can reduce the model size
and complexity, which accelerates processing and decreases
computational requirements. Additionally, developing adaptive
detection algorithms that combine pipeline diameter and defect
recognition can automatically adjust detection strategies accord-
ing to different pipeline diameters, improving their universality
and accuracy. Finally, developing an integrated system that com-
bines defect recognition with additional functionalities, such as
defect grading and quantitative assessment, can better satisfy the
diverse needs of real-world applications. Shen et al. (2025b)
developed TOPC-Net, a multi-task learning framework aimed at
enhancing pipeline MFL detection. It effectively merges defect
detection with size quantification via an end-to-end optimization
process. This integrated approach not only improves X-ray weld
defect detection performance but also reduces computational
costs. Such a system can rapidly detect and locate defects, assess
their severity, and provide maintenance recommendations.

5. Conclusions

X-ray inspection is crucial for ensuring the weld quality in oil
and gas pipelines and maintaining pipeline safety. Pipeline weld X-
ray defect recognition methods aim to automatically identify weld
defects, such as cracks, lack of penetration, and lack of fusion,
using advanced image processing and computer vision algorithms.
This improves detection efficiency and reduces errors from manual
inspection, such as misjudgments or omissions. The defect
recognition process consists of three main steps: X-ray image
acquisition, image preprocessing, and defect identification. First,
high-precision scanners digitize the original X-ray films, creating a
dataset for further analysis. Next, image preprocessing enhances
image quality and defect visibility by reducing noise reduction and
enhancing contrast. While traditional preprocessing methods
present various advantages, they often struggle with adaptability,
especially in complex scenarios. Recently, deep learning-based
preprocessing techniques have attracted considerable attention
due to their ability to automatically learn optimal feature repre-
sentations from large datasets, which significantly improved im-
age quality and defect contrast. Weld defect recognition methods
can be broadly categorized into signal processing-based, feature
design-based, and deep learning-based techniques. Although
traditional, signal processing techniques suffer from poor adapt-
ability, lower accuracy, and a reliance on complex post-processing
for detecting various defects. Feature design-based methods
depend on manually created features and machine learning algo-
rithms, with their performance largely determined by the feature
design quality. Contrarily, deep learning methods automatically
extract features in an end-to-end manner, addressing the limita-
tions of manual feature design. Since defect detection involves
both identifying defect types and accurate localization, deep
learning methods, especially those based on semantic segmenta-
tion or object detection architectures, are more suitable for this
task.

In summary, deep learning-based methods are superior for
both weld X-ray image preprocessing and defect recognition.
However, the need for large-scale, high-quality, and labeled
datasets remains a significant limitation. The absence of domain-
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specific expertise also makes deep learning models vulnerable to
underperformance in complex scenarios. Other challenges include
improving model generalization and scalability. Future research
should focus on effectively integrating previous knowledge into
deep learning models, constructing highly precise models using
limited or low-quality data, and enhancing the generalization and
interpretability. Multimodal models can enhance defect by inte-
grating domain expertise, while active learning can mitigate the
dependence on data quality. Employing incremental learning and
domain adaptation can significantly improve the generalization
capabilities of these models. These approaches pave the way for
more robust and effective weld defect detection methods tailored
for real-world applications.
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