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Abstract: Welding defects threaten structural integrity, demanding efficient and accurate
detection methods. Traditional radiographic testing defects interpretation is subjective,
necessitating automated solutions to improve accuracy and efficiency. This study inte-
grates wavelet transform convolutions (WTConv) into YOLOv11n, creating WT-YOLO,
to enhance defect detection in X-ray films. Wavelet transforms enable multi-resolution
analysis, extracting both high-frequency and low-frequency features critical for detecting
various welding defects. WI-YOLO replaces standard convolutional layers with WTConv,
improving multi-scale feature extraction and noise suppression. Trained on 7000 radio-
graphic images, WI-YOLO achieved a 0.0212 increase in mAP75 and a 0.0479 improvement
in precision compared to YOLOv1ln. On a test set of 200 images per defect category
across seven defect types, WT-YOLO showed precision improvements of 0.0515 for cracks,
0.0784 for lack of fusion, 0.0067 for incomplete penetration, 0.1180 for concavity, 0.0516
for undercut, and 0.0204 for porosity, while experiencing a slight 0.0028 decline for slag
inclusion. Compared to manual inspection, WT-YOLO achieved higher precision for cracks
(0.0037), undercut (0.1747), slag inclusion (0.1129), and porosity (0.1074), with an inference
speed 300 times faster than manual inspection. WT-YOLO enhances weld defect detection
capabilities, providing the possibility for a robust solution for industrial applications.

Keywords: radiographic testing; weld defect detection; wavelet transform convolution;
YOLO; multi-scale feature extraction

1. Introduction

Welding technology [1-3] is a metallurgical process used to join materials, creat-
ing welds with high strength, excellent sealing performance, and material continuity.
This method ensures the structural integrity and lifecycle stability of products, making
it indispensable across various industries. Compared to alternative joining techniques
(e.g., riveting or adhesive bonding), welding is more material-efficient, reducing the need
for additional components and lowering production costs. Its precision, reliability, and cost-
effectiveness have led to widespread adoption in industries such as aerospace, defense,
shipbuilding, chemical engineering, machinery, automotive manufacturing, and household
appliances [4]. In these sectors, welding plays a critical role in producing durable and
reliable joints essential for both high-performance and everyday applications.

However, due to the rapid cooling of the weld metal from a high-temperature liquid
to a solid state within a short time, the welding process is prone to defects, resulting in
non-uniform microstructures in the weld. Factors such as insufficient welding current,
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groove contamination, unstable welding conditions, and foreign materials further exac-
erbate the formation of defects, including cracks, lack of fusion, incomplete penetration,
concavity, undercut, slag inclusions, and porosity. These defects compromise the mechani-
cal properties of the weld area, making it a critical vulnerability in industrial products [5].
To address these challenges, Non-Destructive Testing (NDT) techniques have been de-
veloped and widely implemented to detect and evaluate defects without damaging the
material. Traditional NDT methods, including Ultrasonic Testing (UT), Radiographic Test-
ing (RT), Magnetic particle Testing (MT), Penetrant Testing (PT), and Eddy current Testing
(ET) have significantly improved the quality and efficiency of industrial products [6-9]. Re-
cent advancements have introduced more sophisticated techniques, such as Time-of-Flight
Diffraction (TOFD) ultrasonic testing [10], Phased Array Ultrasonic Testing (PAUT) [11],
Computed Radiography (CR) [12], Digital Radiography (DR) [13], Acoustic Emission test-
ing (AE) [14], and ultrasonic guided-wave testing [15]. Among these, RT stands out for its
ability to penetrate materials using X-ray or 7y-ray, enabling the visualization of internal
structures and the detection of defects through radiation absorption and scattering. RT is
widely favored for its broad applicability, strong generalizability, clear and intuitive results,
ease of long-term storage, and high detection rates.

Despite its advantages, traditional RT film interpretation remains subjective, labor-
intensive, and inefficient [16-18]. The manual evaluation of RT films is prone to human
error and inconsistency, highlighting the need for automated defect recognition methods
to enhance efficiency, standardization, and intelligence in defect detection [19-21]. Recent
advancements in artificial intelligence (Al), particularly deep learning, have revolutionized
the field of automated defect recognition. Convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) have demonstrated remarkable success in tasks such
as image recognition, natural language processing, and medical diagnosis [22-25]. In the
context of RT, deep learning models can automatically learn hierarchical features from raw
data, eliminating the need for manual feature engineering and significantly improving
accuracy and efficiency [26]. Unlike traditional methods that rely on explicit feature
extraction, CNNs adopt an “end-to-end” approach, directly mapping input images to
defect detection and classifications [27]. This capability has led to the development of
various Al-based methods for weld seam image recognition. The deep learning-based
welding defect detection process is shown in Figure 1.

In radiographic defect detection [28], methods are broadly categorized into single-
stage and two-stage approaches. Single-stage methods, such as Single Shot MultiBox
Detector (SSD) and You Only Look Once (YOLO), directly predict bounding box coordi-
nates and class probabilities, offering faster inference speeds at the cost of slightly lower
accuracy. In contrast, two-stage methods, such as Region-based CNNs (R-CNN, Fast R-
CNN, and Faster R-CNN)), first generate region proposals and then classify and refine
these regions, achieving higher accuracy but with increased computational complexity.
Among these, YOLO has gained significant attention for its efficiency and real-time perfor-
mance. Introduced by J. Redmon et al. in 2016 [29], YOLO divides the input image into
a grid and predicts bounding boxes and class probabilities for each grid cell. In recent
years, YOLO has been widely applied in industrial defect detection due to its efficiency
and robustness [30].

However, conventional YOLO architectures rely on standard convolutional opera-
tions, which are limited in their ability to capture multi-scale and multi-frequency features
inherent in radiographic images. This limitation is particularly pronounced when detecting
defects with diverse morphologies, subtle grayscale variations, and complex edge bound-
aries. To address this, we propose a novel approach that integrates wavelet transforms into
the YOLO framework. Wavelet transforms are renowned for their multi-resolution analysis
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capabilities, enabling the decomposition of signals into distinct frequency subbands [31].
By embedding learnable wavelet kernels into YOLO's backbone network, our method en-
hances the model’s ability to dynamically extract multi-defect, multi-boundary, and multi-
grayscale features.

X-ray Tube

d :?\'\\\R\ays Welding Area X-ray Film
P : 1 “

l Input

Output

X-ray Film with Defect Detection Deep Learning Model

Figure 1. Deep learning-based welding defect detection process.

In this study, we leverage the multi-resolution capabilities of wavelet transforms
within the YOLO framework to achieve effective multi-scale feature extraction, enabling
the detection of seven defect categories: cracks, lack of fusion, incomplete penetration,
concavity, undercut, slag inclusions, and porosity. Our approach represents a meaningful
step forward in automated defect recognition, providing a robust and efficient solution
with potential for real-world industrial applications.

Specifically, the main contributions of this paper are as follows:

(i) On a dataset composed of 7000 radiographic images, WT-YOLO achieved a 0.0212
increase in mAP75 and a 0.0479 improvement in precision compared to YOLOv11n.
The wavelet-enhanced YOLO framework improves multi-scale feature extraction and
defect detection accuracy.

(ii) On a test set containing seven defect types, with 200 images per type, WI-YOLO
improved precision by 5.15%, 7.84%, 0.67%, 11.80%, 5.16%, and 2.04% for cracks, lack
of fusion, incomplete penetration, concave, undercut, and porosity, respectively. WT-
Conv’s frequency decomposition effectively suppresses noise, enhancing robustness
in complex industrial environments.

(iii) Compared to manual inspection, WI-YOLO achieved higher precision by 0.37%,
17.47%, 11.29%, and 10.74% for cracks, undercut, slag inclusion, and porosity, re-
spectively, with an inference speed 300 times faster than manual inspection. The
comparison between the model’s performance and manual inspection results, along
with the detection efficiency, provides practical support for the development of hybrid
detection systems.
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2. Related Work
2.1. YOLO Architectures in Radiographic Defect Detection

YOLO is a deep learning-based object detection algorithm that transforms the object
detection problem into a regression task, enabling direct prediction of object locations
and classes through a single neural network. The overall architecture of YOLO includes
convolutional layers, fully connected layers, and an output layer. The convolutional
layers extract image features, while the fully connected layers map these features to object
positions and classes. The output layer provides the final predictions of object locations
and classes. YOLO divides the input image into a grid of cells, with each cell responsible
for detecting objects whose center points fall within it. For each cell, YOLO predicts
bounding boxes along with their confidence scores and class probabilities. The Non-
Maximum Suppression (NMS) algorithm is then applied to remove redundant bounding
boxes, retaining those most likely to contain the object. This approach allows YOLO to
perform real-time object detection with high accuracy and efficiency.

Since its inception in 2016, YOLO has evolved through multiple iterations (YOLOv1-
YOLOV11) [32,33], each introducing significant innovations. For example, YOLOV2 intro-
duced anchor boxes to improve localization accuracy [34], while YOLOv3 incorporated
feature pyramid networks (FPNs) to enhance multi-scale detection capabilities [35]. Recent
advancements have introduced novel components such as the C3k2 and C2PSA blocks,
enhancing YOLQO's feature extraction and processing capabilities. These improvements
increase computational efficiency without compromising accuracy, while significantly
reducing the model’s parameter count [33].

In the field of radiographic defect detection, several studies have adapted YOLO to
address the unique challenges posed by welding defects. For instance, Cheng et al. [36]
introduced a lightweight version of YOLOV5 by simplifying the network structure, reducing
the number of parameters, and optimizing computational efficiency. This improved model
demonstrated higher detection accuracy and faster inference speeds when applied to X-ray
images of welding defects, including porosity, slag inclusion, and lack of fusion. Similarly,
Kwon et al. [37] enhanced YOLO by incorporating contextual information and a scale-aware
mechanism, resulting in the CSA-YOLO model. This model outperformed the traditional
YOLO across multiple evaluation metrics, such as precision, recall, and mean average
precision (mAP), significantly improving the accuracy of welding defect detection.

To address challenges related to low contrast and significant variations in defect shapes
and sizes, Pan et al. [38] designed a new backbone network, WD-YOLO, specifically for
weld defect detection. By replacing the YOLO backbone with the NeXt backbone and
adding a dual-attention mechanism, the model enhanced detection performance for targets
of varying sizes. Additionally, Zhang et al. [39] proposed the S-YOLO model, which intro-
duces full-dimensional dynamic convolution and a NAM attention mechanism to enhance
feature representation in regions of interest. This approach effectively addresses challenges
such as small target detection, occlusion, and overlap, achieving an 8.9% improvement in
mAP compared to the original model.

2.2. Wavelet Transforms in Deep Learning

Wavelet transforms are a powerful tool for signal processing, known for their ability to
decompose signals into components at various frequency scales. Unlike Fourier transforms,
which only capture frequency information, wavelet transforms provide time-frequency
localization, making them particularly effective in analyzing non-stationary signals and
complex spatial patterns. This property has been exploited in various computer vision
tasks, including image denoising, compression, and texture analysis [40].
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In the context of radiographic inspection, researchers have adapted wavelet theory to
address challenges in X-ray and <y-ray image analysis. For instance, Liu et al. [41] proposed
the Dynamic Weights-Based Wavelet Attention Neural Network (DWWA-Net), which
integrated dynamic wavelet transform convolutions (WTConv) and multiview attention to
enhance weak defect detection and denoise strong background interference in industrial
images. This approach achieved state-of-the-art precision improvements, with a 6.0%
increase on the GC10-DET dataset and a 4.3% increase on the NEU dataset .

Recent advances have focused on wavelet-based network defect detection for indus-
trial applications. For example, Guo et al. [42] proposed a novel CNN-wavelet fusion
method that converts laser ultrasonic signals into scalograms for automated subsurface
defect width quantification. This method achieved 98.5% validation accuracy and 100%
experimental accuracy, demonstrating robust defect characterization without manual fea-
ture extraction. However, the small experimental dataset (four signals) and heavy reliance
on simulated data raise concerns about the generalizability of this approach to real-world
industrial scenarios with complex defect geometries and material variations.

Another notable contribution is the hybrid method proposed by Yang et al. [43], which
integrated wavelet decomposition, Canny edge detection, and a multi-channel CNN to de-
tect surface defects on automobile pipe joints. This method effectively addressed challenges
posed by smooth surfaces and processing textures while achieving high classification accu-
racy under uneven illumination and noise. However, the dependency on manual parameter
tuning in pre-processing stages may limit the scalability and applicability of this method in
real-world industrial settings.

Despite significant advancements, conventional YOLO architectures rely on standard
convolutional operations, which are limited in their ability to capture multi-scale and multi-
frequency features inherent in radiographic images. This limitation becomes particularly
evident when detecting defects with diverse morphologies, subtle grayscale variations,
and complex edge boundaries. While most existing approaches treat wavelet transforms as
auxiliary modules or preprocessing steps, achieving notable results, our work integrates
wavelet transforms directly into the YOLO framework. This integration enables end-to-end
multi-resolution feature extraction, specifically tailored for radiographic defect detection,
allowing the network to dynamically extract multi-scale features and enhance detection
accuracy. By doing so, our approach offers a promising direction for advancing automated
defect recognition in industrial applications.

3. Materials and Methods

This section provides a detailed overview of the dataset utilized in this study and the
preprocessing techniques employed to enhance its diversity. Additionally, the architecture
of the proposed Wavelet Transform Yolo model (WT-YOLO) for welding flaw detection is
described in detail, along with crucial training parameters and the experimental setup.

3.1. The Weld Defect Dataset and Pre-Processing

In this study, we utilized a dataset comprising 7000 radiographic images of weld
defects. Each image is annotated with defect locations, though specific defect class labels
are not provided. The dataset was divided into three subsets: a training set containing
4900 images, a validation set with 700 images, and a test set of 1400 images, which was
used to evaluate the model’s overall performance in detecting all types of defects.

Given the elongated nature of the weld images, a pre-processing strategy was im-
plemented to segment the longer side of each image into smaller patches. Specifically,
overlapping patches were extracted with a step size of 200 pixels, each with a fixed length
of 640 pixels. These patches were then used for training, validation, and testing, ensur-



Appl. Sci. 2025, 15, 4586

6 of 16

ing that the model learns from different regions of the image. This approach increases
input diversity and enhances the model’s robustness to variations in defect location and
image geometry.

In addition to the general test set, we also created another test set consisting of
1400 defect images collected from on-site production environments, with each image con-
taining only one type of defect. This set is designed to evaluate the model’s ability to detect
different defect categories. It includes seven defect classes: crack, lack of fusion, incomplete
penetration, concavity, undercut, slag inclusion, and porosity, with 200 images per category.
In order to facilitate a detailed performance comparison, defect images from each category
are randomly sampled at a 10:1 ratio for manual assessment. This allows the model’s
predictions to be directly evaluated based on human detection.

To maintain consistency, all images, including the cropped patches, were resized to
640 x 640 pixels. Data augmentation techniques were applied to improve generalization,
including random rotations (up to 30°), horizontal flipping, and random scaling. Further-
more, image normalization was performed by subtracting the mean and dividing by the
standard deviation of pixel values across the dataset. These pre-processing steps collectively
enhance the model’s ability to detect defects across various scales and orientations.

3.2. Network Architecture

Given that YOLOv11 is accurate, efficient, and widely recognized, we selected it
as the object detection model. The network architecture used in this study is based on
the YOLOv11n framework [44], with a modification that replaces some of the traditional
convolutional layers with wavelet transform convolutions (WTConv) [45] in the backbone.
We refer to this modified model as WT-YOLO. This change is designed to enhance feature
extraction capabilities, especially for the complex and elongated weld defects in the dataset.
The architecture of the proposed method is illustrated in Figure 2.
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Figure 2. Structure of WT-YOLO for welding defect detection.
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In the original YOLOv11n architecture, the backbone consists of a series of convo-
lutional layers and residual blocks, followed by a detection head that predicts bounding
boxes, class probabilities, and objectness scores. The detection head is responsible for
classifying defects and localizing them within the image. During training, the network uses
a combination of mean squared error for bounding box regression and cross-entropy loss
for classification.

WT-YOLO'’s backbone is designed to extract hierarchical features from the input
images and is based on a modified YOLOv11n architecture. The backbone begins with
a standard convolution layer followed by a WIConv layer, which helps capture low-
level features while integrating wavelet-based transformations for enhanced multi-scale
feature extraction. As the network progresses, subsequent stages alternate between regular
convolution and WTConv layers, allowing the model to learn progressively more complex
and multi-scale representations of weld defects. The backbone’s final stage incorporates
a Spatial Pyramid Pooling (SPPF) layer to aggregate features at various scales, followed by
a C2PSA layer that refines these features before passing them on to the head for further
processing. This hierarchical processing enables the network to gradually reduce spatial
resolution while increasing the number of feature channels, which in turn helps the model
learn rich and diverse representations of the weld defects.

The head of the model leverages the features extracted by the backbone for prediction
tasks. It begins with an upsampling operation that doubles the spatial resolution of
the feature maps, followed by concatenation with the corresponding features from the
backbone. This concatenation allows the network to retain high-resolution details from
earlier layers. The upsampled features are then refined through a series of convolutional
layers, processing them at different scales. The head concludes with a detection layer that
outputs predicted bounding boxes and objectness scores. Overall, WI-YOLO architecture,
with its combination of WTConv in the backbone and a multi-scale detection head, is
optimized to detect fine-grained defect features efficiently, which is crucial for accurate
weld defect detection across varying defect types and sizes.

3.3. WT'Conv Layer

WTConv is a key innovation in this study, designed to address the need for extracting
multi-frequency features, which is crucial in the task of weld defect detection. Traditional
convolutional layers in neural networks focus on extracting spatial patterns at a single
scale, which may not effectively capture the wide range of frequency components present
in welding defects. On the other hand, WTConv enable the network to simultaneously
process different frequency components of the input image, both high- and low-frequency,
by leveraging the wavelet transform. The structure of the WTConv layer is illustrated
in Figure 3.

The wavelet transform is a mathematical tool that decomposes an image into different
frequency bands. In contrast to Fourier transforms, wavelets have the ability to localize
both in space and frequency, making them particularly effective at capturing localized
features at different scales. The 2D continuous wavelet transform of an image I(x,y) is
given by

Wor = [ [ 16u)sey) dxdy 0

where ¢, ,(x,y) represents the wavelet function and 4, b are scale and translation parame-
ters, respectively. The wavelet function has compact support, allowing it to respond only to
localized features, making it ideal for capturing details in the spatial domain. In the context
of weld defect detection, these localized features vary across frequency bands. For example,
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cracks are often sharp, high-frequency features, while defects like concave or porosity tend
to appear as smoother, low-frequency structures.

Conv —
Low-Low feature
— Conv
H T Wl —  Low-High feature
)
C N —
Input Conv
High-Low feature
— Conv —
High-High feature

Figure 3. Structure of the WTConv layer. WT: Wavelet Transform. Low-Low: Contains low-frequency
information in both horizontal and vertical directions, representing the overall structure and smooth
regions of the image. Low-High: Contains low-frequency horizontal information and high-frequency
vertical information, capturing vertical edges and textures in the image. High-Low: Contains high-
frequency horizontal information and low-frequency vertical information, capturing horizontal edges
and textures. High-High: Contains high-frequency information in both horizontal and vertical
directions, capturing fine details and diagonal edges in the image. IWT: Inverse Wavelet Transform.

In the WI-YOLO model, the standard convolution operation is replaced with wavelet-
based filters, which allows the network to perform localized frequency decomposition on
the input feature maps. This operation is mathematically similar to regular convolution
but uses wavelet functions as filters, enabling the network to capture features at multiple
scales. The output of a WI'Conv operation can be expressed as

Lout (x,y) :ZI(X—{—i,y—f—j)-%,b(i,j) 2
L]
where 1, (i, j) is the wavelet filter applied to the input image I(x,y), and the sum repre-
sents the convolution process. By using wavelets, WI-YOLO can efficiently extract both
low-frequency global structures and high-frequency local details.

The application of WTConv in the context of weld defect detection provides several
advantages. Different types of weld defects, such as cracks, slag inclusion, or porosity,
manifest at different frequencies in the image domain. WTConv enables the network to
detect these defects by processing both high- and low-frequency components simultane-
ously. Additionally, wavelets” ability to localize features in both spatial and frequency
domains improves WT-YOLO's ability to identify defects at various scales, from sharp
edges to smooth regions. Figure 4 shows the application of WTConv on cracks. This
multi-frequency feature extraction not only enhances the model’s robustness in detecting
a wide range of defects but also improves its generalization ability, allowing it to perform
well across different types of defects and welding conditions.
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Figure 4. An example of WTConv operation on cracks.
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In this study, the traditional convolutional layers of YOLOv11n are replaced with
WTConv layers at critical points in the network architecture. These layers are inserted
in the early stages of the backbone to decompose feature maps into both high- and low-
frequency components. As the network progresses, the integration of these multi-frequency
features allows it to more effectively capture both fine-grained details (such as cracks)
and large-scale structures (such as incomplete penetration). This approach significantly
improves WT-YOLQ's capability in weld defect detection, making it more suitable for
practical applications in industrial settings.

3.4. Experiment Settings

To assess the effectiveness of WTConv, we conducted an ablation study by system-
atically integrating WTConv layers into the baseline model (YOLOv11n) and analyzing
their impact on model performance. The backbone module in YOLOv11n plays a crucial
role in extracting abstract features of defects, which is why we replaced each convolutional
layer in the backbone with WTConv to enhance feature extraction. The evaluation was
performed using both the general test set and the specialized defect-specific test set to
determine the model’s capability in detecting different defect types.

All experiments were conducted using the PyTorch 2.5.1 framework on a GeForce
RTX 4090 GPU with 24 GB of memory. Each model was trained for 400 epochs with
a batch size of 16, utilizing the SGD optimizer with a learning rate of 0.005 according to the
official recommendations of YOLOv11. To ensure a fair comparison, image pre-processing
techniques such as cropping, resizing to 512 x 512, and data augmentation (rotations,
flips, and scaling) were consistently applied across all experiments. The best-performing
model parameters, determined based on validation set accuracy, were selected for the
final evaluation.

For the defect-specific test set, additional performance metrics were recorded, includ-
ing precision, recall, and F1-score for each defect class. Moreover, a subset of predictions
was randomly selected in proportion to compare the model’s outputs with human in-
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spection results, providing a qualitative assessment of the model’s detection accuracy in
field applications.

3.5. Evaluation Criteria

To rigorously evaluate the performance of WI-YOLO in weld defect detection, we
adopt standard object detection metrics that provide a balanced assessment of detection
accuracy and reliability.

Mean Average Precision (mAP) [44] is used to measure the model’s detection capabil-
ity across different localization thresholds. Specifically, we report:

*  mAP50-95: The mean of average precision values computed at IoU thresholds ranging
from 0.50 to 0.95 with a step size of 0.05. This metric reflects the model’s ability to
consistently detect defects at varying localization accuracies.

*  mAP50: The average precision at an IoU threshold of 0.50, commonly used in object
detection tasks as a baseline measure of performance.

e mAP75: The average precision at an IoU threshold of 0.75, representing a more
stringent requirement for precise localization.

Recall quantifies the model’s ability to detect actual defects, calculated as

TP

Recall = m

3)
where TP denotes true positives and FN denotes false negatives. A higher recall indicates
that fewer defects are missed.

Precision measures the proportion of correctly identified defects among all detections,
given by

TP

TP + FP
where FP represents false positives. A model with high precision makes fewer incorrect
predictions.

Precision =

(4)

F1-score is the harmonic mean of precision and recall, providing a balanced evaluation
when considering both false positives and false negatives:

Precision x Recall
F1=2
% Precision + Recall 5)

This metric is particularly useful when precision and recall need to be considered
jointly, ensuring that the model is neither too conservative nor overly permissive in
its detections.

By combining these metrics, we gain a comprehensive understanding of the model’s
performance, assessing not only its ability to detect defects but also its reliability in distin-
guishing true defects from false alarms.

4. Result

To comprehensively evaluate the impact of WTConv on the YOLOv11n model, we
conducted extensive experiments on both the general test set and the specialized defect-
specific test set. The analysis not only focuses on metric improvements but also delves into
WT-YOLO'’s internal mechanisms, particularly the effects of WTConv on feature extraction,
defect detection, and localization.

4.1. Overall Performance

Table 1 presents the overall detection performance comparison between the baseline
YOLOv11n and WI-YOLO. WT-YOLO achieved improvements across all IoU thresholds,
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with mAP50-95 increasing from 0.2397 to 0.2515, mAP50 from 0.5519 to 0.5675, and mAP75
from 0.1624 to 0.1836, demonstrating enhanced localization accuracy. Notably, precision
improved from 0.58 to 0.6279, while recall slightly decreased from 0.5453 to 0.5400. The inte-
gration of WTConv introduces multi-scale frequency domain analysis, enabling WI-YOLO
to capture both global and local texture patterns through multi-scale feature extraction.
This capability is particularly beneficial for detecting fine-grained defect features, as it
suppresses noise and amplifies meaningful structural details. The increased precision
indicates that WTConv enhances the model’s ability to differentiate defects from the back-
ground, reducing false positives. However, the slight drop in recall suggests that some
defects with subtle intensity variations may not be fully captured. This is because frequency
decomposition can alter spatial information.

Table 1. Performance metrics for the test set.

Metric YOLOv11n WT-YOLO
mAP50-95 0.2397 0.2515
mAP50 0.5519 0.5675
mAP75 0.1624 0.1836
Recall 0.5453 0.5400
Precision 0.5800 0.6279
F1 0.5621 0.5806

For 1400 defect images, WT-YOLO completed the detection in 28 s, averaging approxi-
mately 0.02 s per image, while the baseline YOLOv11n took 36 s, averaging about 0.026 s
per image. This demonstrates the potential of WT-YOLO as a viable approach for real-time
defect detection in industrial applications.

4.2. Defect-Specific Analysis

To further investigate the impact of WTConv on different defect types, we analyzed
model performance across individual categories, as seen in Figure 5. The results high-
light distinct patterns in how WTConv affects defect detection, localization, and false
positive/negative rates for various defects.

Experiments were conducted on a dataset containing seven types of defects, with
200 images per defect category. The ablation study shows that WITConv leverages multi-
scale frequency domain analysis to enhance the model’s overall localization accuracy. In
terms of detection accuracy, there is a slight decline for slag inclusion, while for other
defect types—especially high-risk defects such as cracks, lack of fusion, and incomplete
penetration—there are significant improvements.

In terms of localization accuracy, as shown in Figure 5a,c,e, the proposed WI-YOLO
model shows significant improvements over YOLOv11n in terms of mAP50-95, mAP50,
and mAP75 for defects such as cracks, concave, and undercut. For example, the three
metrics for cracks were improved from 0.1458 to 0.1835, from 0.3649 to 0.4489, and from
0.0976 to 0.1314, respectively. For defects such as lack of fusion, incomplete penetration,
slag inclusion, and porosity, the three metrics are generally similar, with the exception of
porosity, where the mAP decreased by 0.0139, and other changes being less than 0.01.

In terms of detection accuracy for various defects, as shown in Figure 5b,d f, such
as cracks, lack of fusion, incomplete penetration, undercut, and porosity, the proposed
model shows a comprehensive improvement in recall, precision, and F1-score compared to
YOLOv11n. For example, the recall rate for cracks increased from 0.4539 to 0.5277, precision
improved from 0.4411 to 0.4926, and the F1-score rose from 0.4474 to 0.5095. However,
for slag inclusion, the recall rate decreased by 0.0304, precision decreased by 0.0028, and the
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Fl-score dropped by 0.0192. For concave defects, the recall rate decreased by 0.0480, while

precision increased by 0.1180, and the Fl-score increased by 0.0166.
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Figure 5. Comparison of YOLOv11n, WT-YOLO and manual performance metrics for each class.

4.3. Comparison with Human Inspection

To systematically evaluate the practical performance of the proposed model, this
study invited a radiographic testing expert with advanced certification from the State
Administration for Market Regulation to independently conduct manual inspections on
140 radiographic films containing seven types of defects. The evaluation focused solely
on defect detection performance, disregarding localization accuracy. The experiment
compared the model and manual inspection in three key aspects: defect sensitivity, noise
robustness, and efficiency.

Figure 5b,d,f shows that the proposed model significantly enhances sensitivity to low-
contrast defects through frequency domain decomposition. In the detection of defects such
as slag inclusion (Precision: 0.6529 vs. 0.5400), porosity (0.7112 vs. 0.6038), and undercut
(0.6347 vs. 0.4600), WT-YOLQO's precision exceeded that of manual inspection, with the
largest difference reaching 0.1747 (for undercut). This indicates that WTConv’s frequency-
domain filtering effectively suppresses artifacts and background textures in radiographic
films, reducing false positives. Additionally, for a total of 140 defect images, the model’s
inference time is only 10 s, averaging approximately 0.07 s per image, which is nearly
300 times faster than manual inspection, which takes over 80 min.
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However, the model exhibits relatively lower sensitivity and recall rates for high-
risk defects, such as cracks (Recall: 0.5277 vs. 0.8800), lack of fusion (0.5692 vs. 0.8235),
and incomplete penetration (0.6225 vs. 0.8750). Additionally, the model’s F1-score for
complex edge defects, such as incomplete penetration (0.5933 vs. 0.9333), still indicates
room for improvement. The comparative examples are shown in Figure 6.

Label YOLOv1ln WT-YOLO Human inspection

Lack of
fusion

Incomplete
penetration

Concave

Undercut

Slag
inclusion

Figure 6. Typical defect detection result. The red and green boxes indicate the identified
defect locations.

5. Discussion

The experimental results from defect-specific analysis demonstrate that WTConv sig-
nificantly enhances the localization accuracy of WI-YOLO, particularly for high-risk defects
such as cracks, lack of fusion, and incomplete penetration. The improvements in mAP50-95,
mAP50, and mAP75 for these defects demonstrate that the multi-scale frequency domain
analysis provided by WTConv effectively enables multi-scale feature extraction, which is
critical for accurate defect localization. However, the slight decline in mAP for porosity
indicates that WTConv may struggle with defects that exhibit subtle gray-scale variations,
as frequency decomposition can sometimes alter spatial details. The improvements in recall,
precision, and Fl-score for cracks, lack of fusion, and incomplete penetration highlight the
effectiveness of WTConv in extracting edge features and suppressing noise. The increased
precision suggests that WTConv enhances the model’s ability to differentiate defects from
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background interference, reducing false positives. However, the slight decline in recall
for slag inclusion and concave defects suggests that WTConv may miss some irregularly
shaped defects or those relying on subtle shadow changes. This trade-off between preci-
sion and recall suggests that, while WTConv enhances overall detection accuracy, further
refinement may be needed to fully capture all the defect types. The performance of WT-
YOLO in detecting concave defects is particularly noteworthy. Although recall decreased,
the improvements in precision and F1-score suggest that WTConv achieves a better bal-
ance between detecting true positives and minimizing false positives. This indicates that
WTConv is particularly effective in scenarios where defect detection relies on subtle in-
tensity variations, even if some defects are missed. The overall improvement in metrics
across the seven defect categories demonstrates the robustness of WT-YOLO. Future work
could focus on enhancing the model’s ability to preserve spatial details during frequency
decomposition, potentially through adaptive wavelet bases or hybrid frequency-space
domain architectures.

The experimental results of comparison with humann inspection highlight the
strengths and limitations of the WI-YOLO model in practical defect detection scenar-
ios. The model’s superior precision in detecting low-contrast defects, such as slag inclusion,
porosity, and undercut, demonstrates the effectiveness of WTConv in suppressing noise
and background interference. This is particularly valuable in industrial settings, where
reducing false positives is critical for efficient batch screening. The model’s inference speed,
nearly 300 times faster than manual inspection, further highlights its potential for real-time
applications, significantly improving operational efficiency. However, the lower recall
rates for elongated defects, such as cracks, lack of fusion, and incomplete penetration,
reveal a limitation of WTConv. While the frequency-domain filtering process effectively
suppresses noise, it may result in the loss of spatial details. Compared to manual inspec-
tion, which leverages multi-scale visual focus and expert judgment, WI-YOLO struggles
with detecting elongated defects, suggesting the need for additional mechanisms, such as
spatial domain enhancement, to improve sensitivity. Future improvements could focus
on integrating attention modules or similar spatial domain enhancement techniques to
preserve critical spatial details. Notably, WT-YOLO excels in detecting blurred edge defects
(e.g., undercut), while manual inspection remains superior for identifying elongated defects
(e.g., lack of fusion). This indicates that a hybrid detection system combining the strengths
of automated models and human expertise could offer a more comprehensive solution for
industrial radiographic testing.

6. Conclusions

In this paper, compared to the baseline YOLOv11n, WT-YOLO is well-suited for detect-
ing cracks, concavity, and undercut, as well as localizing defects such as cracks, incomplete
penetration, lack of fusion, and porosity. When compared to manual inspection, WT-YOLO
excels in the rapid and precise screening of undercut, slag inclusions, and porosity. Com-
bining WT-YOLO with manual inspection could significantly enhance both the efficiency
and accuracy of defect detection.
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