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A B S T R A C T

The quality of welds is critical to the safety and reliability of steel structure connections, underscoring the 
importance of accurate inspection during the welding process. To enhance inspection effectiveness, deep learning 
methods have gained popularity in weld defect detection for their ability to automatically learn and refine image 
features. However, the complex multi-stage training and inference process of these methods often fails to meet 
the requirements of real-time performance and accuracy. To address this problem, a framework based on the 
Real-Time DEtection TRansformer (RT-DETR) for deep learning-based welding defect detection is proposed. This 
framework improves the Transformer backbone by eliminating the most time-consuming non-maximum sup
pression (NMS) step, achieving real-time detection without sacrificing accuracy. A diverse welding dataset with 
1,134 images from real-world manufacturing and construction environments was developed for model training 
and validation. In addition, three data enhancement algorithms were explored to enhance the model’s gener
alization ability. The model achieved detection accuracy scores of mAP@0.5 at 0.996 and mAP@0.5:0.95 at 
0.801, with a detection speed of 67 frames per second (FPS). Compared to the previous Faster R-CNN, SSD, 
YOLOv5, YOLOv11 and DETR models, the proposed RT-DETR model demonstrates superior efficiency and ac
curacy. The proposed framework was further validated in the on-site inspections of metal additive 
manufacturing, and the results confirmed that the RT-DETR-based model meets the stringent requirements for 
real-time inspection in metal additive manufacturing.

1. Introduction

Welding is one of the most popular and widely used methods for 
connecting steel structures across various industries, including con
struction, aerospace, and automotive manufacturing[1]. The technology 
connects metals through high-temperature heating, making it essential 
to the integrity of numerous applications. The quality of welding is 
critical, as weld defects can not only affect the appearance of equipment 
but also compromise its performance and safety. Therefore, timely in
spection and thorough assessment of welded joints are crucial for 
ensuring the safety and reliability of industrial facilities [2–4].

Traditional weld defect inspection involves collecting data using 
methods such as X-ray, laser scan, ultrasonic, penetration, eddy current, 

and magnetic powder, followed by processing the data with computer- 
aided algorithms[5–7]. Raba et al.[8] developed a Chan-Vese model to 
segment the X-ray image and detect weld defect boundaries. Domingo 
et al.[9] employed an edge detection method based on the Laplacian-of- 
Gauss operator to segment potential defects and extract texture features 
for weld detection. Cui et al.[10] proposed an image recognition method 
combining grey gradient co-occurrence matrix (GGCM), cluster analysis 
and mathematical morphology, effectively identifying various weld 
conditions such as no defects, cracks and fusion cracks. Li et al.[4] 
designed a weld contour monitoring and defect detection system based 
on the line structured light, with an image processing algorithm to 
extract laser contour feature points and measure the dimensions of 
multi-layer welds. However, the accuracy of these methods heavily 
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relies on human experience, leading to low efficiency, high subjectivity 
and unreliable inspection results. Therefore, developing an efficient and 
accurate end-to-end detection algorithm for weld defects is crucial for 
practical application in various scenarios[11].

With the advancement of deep convolutional neural networks[12] 
(CNN), target detection algorithms have gained powerful capabilities in 
extracting features and learning complex patterns. As a result, CNN has 
significantly improved the accuracy of image recognition, making it 
highly applicable to weld detection. Various methods and models have 
been developed to harness this potential. For example, Asif et al.[13] 
optimized the Vgg16 model by adding a fully connected flexible 
maximum activation function and modifying the top layer, improving 
both accuracy and speed in detecting welding defects. Yang et al.[1] 
investigated different CNN models and demonstrated that employing 
yolov5 to check defects in steel pipe welds can improve detection ac
curacy while meeting real-time detection standards. Paolo[14] trained 
an artificial neural network model and developed a system for the 
detection of welding surface defects. Yan et al.[15] combined a CNN 
with a pre-trained support vector machine classifier (SVM) to extract 
high-level features from the time–frequency representation of electro
magnetic ultrasonic testing signals, developing a deep learning-based 
ultrasonic pattern recognition method for detecting cracks in pipeline 
girth welds. Kim et al.[16] introduced a deep learning engine for non- 
destructive automatic detection of internal defects in welds. Wang 
et al.[17] shortened the path between the lower and upper layers by 
adding a feature pyramid structure (FPN)[18], thereby improving 
detection accuracy and speed. Based on R-CNN, Chen[19] employed a 
deep residual network, Res2Net, to enhance the original backbone 
network, improving feature extraction capabilities even infor small weld 
targets. However, despite these advances, many models have complex 
structures and require multi-stage training, resulting in lower compu
tational efficiency and challenges in achieving real-time detection. In 
the related research on defect detection framework, Gao et al.[20] 
proposes a multi-stage active learning framework (MALF) for steel sur
face defects, combining soft weighted label assignment, evidence 
branching, and diversity criteria for high-precision detection and 
localization. Al-Otum[21] utilizes a multi-scale convolutional neural 
network model, incorporating transfer learning methods (ResNet18 and 
ShuffleNet) and an independent lightweight deep CNN (CNN-ILD), 
combined with electroluminescence (EL) imaging data for photovoltaic 
cell defect detection and classification. Liu et al.[22] proposes a semi- 
supervised deep learning method based on autoencoders and Assisted 
Anomaly Localization (AEAL), which trains exclusively on normal 
samples and enables end-to-end defect detection and localization. Yang 
et al.[23] proposes a two-stage detection framework based on the YOLO 
deep learning model for the fast and accurate detection of bolt loosening 
in wind turbine tower structures.

In complex welding environments with high temperatures and fast 
speeds, such as metal additive manufacturing, real-time and accurate 
detection of weld defects is crucial for structural safety and production 
efficiency. Without real-time detection, defects may go unnoticed due to 
the overlapping manufacturing layers, leading to hidden flaws. Most 
real-time detectors rely on CNN-based architectures, such as Faster- 
RCNN, SSD, and YOLO. However, these detectors often require non- 
maximal suppression (NMS) for post-processing, which slows down 
inference and introduces hyperparameters that lead to instability in 
computational efficiency and effectiveness.

Recently, an end-to-end Transformer-based detector (DETR)[24] has 
been popular due to its streamlined architecture and reduced manual 
operations. Transformer introduces a self-attention mechanism that 
enables parallel computation, which can significantly improve the effi
ciency of training and reasoning. In addition, Transformer does not rely 
on data’s sequential relationship, making it more effective in capturing 
global features. However, DETR does not have a preset anchor box, and 
uses the query vector as a soft anchor box to obtain the location of the 
target. As a result, the soft anchor box usually converges slowly, leading 

to longer training time in the original DETR method. To address this 
issue, a detection model called Real-Time DEtection TRansformer[25] 
(RT-DETR) is proposed. It employs the Hungarian algorithm to identify 
the optimal matching pairs, ensuring that each query vector is exclu
sively responsible for a single target. This approach eliminates the need 
for complex post-processing steps and enables end-to-end object detec
tion, thereby simplifying the detection pipeline and improving detection 
efficiency. The architecture of RT-DETR is designed to be flexible, easily 
extensible, and optimizable, making it suitable for scenarios requiring 
efficient, real-time, and accurate detection, such as in-situ welding using 
Wire Arc Additive Manufacturing (WAAM), as illustrated in Fig. 1. Un
like traditional frame-by-frame detection models like YOLO, RT-DETR 
supports parallel decoding, allowing it to process multiple targets 
simultaneously, further enhancing real-time performance. Additionally, 
RT-DETR exhibits strong robustness to noise and complex backgrounds, 
maintaining high detection accuracy even in challenging environments. 
It has been widely used in marine ship monitoring[26], microbial 
detection[27], drone detection[28] and other fields. However, there has 
been no research on the application of RT-DETR in weld detection. This 
study proposes a novel welding defect detection framework based on 
RT-DETR. A dataset of 1,134 weld images was collected, and three data 
augmentation techniques were applied to enhance the model’s gener
alization ability. The framework leverages deep learning to improve the 
accuracy and efficiency of defect detection. Additionally, it was vali
dated in the context of in-situ WAAM weld inspection, demonstrating 
that the RT-DETR model meets the stringent real-time performance re
quirements of industrial applications, effectively addressing the accu
racy and speed limitations of traditional weld defect detection methods.

The paper is structured as follows: Section 2 introduces the model 
principles and data augmentation methods of DETR and RT-DETR; 
Section 3 introduces the dataset, including the defect categories of the 
dataset; Section 4 introduces the experimental part, including the 
configuration of the experimental environment, the setting of neural 
network hyperparameters and the operation of data augmentation, and 
the introduction of evaluation indicators; Section 5 presents the exper
imental results and discussions, including the comparison of training 
results after data augmentation and the performance comparison with 
other detection models; Section 6 employs the WAAM printed weld test 
to verify the proposed detection framework.

2. Summary of the proposed framework

Welding burrs and dents can result from various factors, such as 
improper welding current or welding speed. These defects can severely 
compromise the integrity and safety of the welded structure. The pro
posed framework based on RT-DETR was trained on a welding defect 
dataset, which was established in this study. It consists of 1134 welding 
defect images. Data augmentation was performed to enhance the 
generalizability of the proposed framework. The performance was 
validated in the context of weld detection tasks for WAAM. The exper
imental results demonstrate that the RT-DETR-based weld defect 
detection framework exhibits significant advantages in both detection 
accuracy and speed. The 4-stage pipeline of the adopted neural network 
is shown in Fig. 2. 

Stage 1: The backbone network is used to extract key weld features. 
By incorporating the improved PResNet50 network structure, subtle 
changes in weld features can be captured more effectively. Multi- 
layer convolution operation improves the model’s ability to 
perceive weld characteristics, ensuring efficient feature extraction. 
Additionally, the enhanced residual block design improves the 
retention of weld information and boosts detection accuracy.
Stage 2: The efficient hybrid encoder improves feature extraction 
and fusion by combining attention mechanisms with convolution 
operations. The Attention-based Intra-scale Feature Interaction 
(AIFI) reduces computational redundancy and focuses on capturing 
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high-level semantic features in welds, aiding in differentiating 
various weld defects. Meanwhile, the CNN-based Cross-scale 
Feature-fusion Module (CCFM) fuses multi-scale features through 
convolution blocks, enriching the overall weld information. This 
multi-scale feature fusion ultimately improves the detection model’s 
accuracy and efficiency.
Stage 3: IoU-Aware Query Selection constrains model learning by 
assigning higher classification scores to weld features with high 
intersection over Union (IoU) while lowering the scores for low IoU 
features, thereby improving the accuracy of the prediction frame. 
This method effectively addresses the inconsistency between classi
fication scores and IoU scores and prevents prediction boxes with 

high classification scores but inaccurate positions from affecting the 
detection results. By optimizing object queries, the model is able to 
select more precise weld features during the decoding phase, ulti
mately improving the accuracy and robustness of weld defect 
detection.
Stage 4: The Transformer decoder improves classification and 
bounding box prediction accuracy through an auxiliary prediction 
head. Once the decoder optimizes the object query, the auxiliary 
head maps it into classification confidence and bounding boxes, 
enabling more precise detection of weld defect characteristics. In 
addition, the denoising module accelerates the training convergence, 

Fig. 1. WAAM on-site welding images.

Fig. 2. The weld defect detection framework adopted in this study.
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allowing the model to more quickly and accurately learn weld defect 
locations and classifications.

2.1. Introduction of DETR

In weld defect detection, real-time performance and accuracy are 
essential, especially in complex steel connections or metal additive 
manufacturing where multiple layers and beads are involved. The DETR 
in deep neural networks provides significant advantages in weld defect 
detection due to its end-to-end nature, which replaces the traditional 
post-processing operations such as thresholding and non-maximum 
suppression (NMS) with a single top-k operation on the final pre
dictions, thus significantly reducing the post-processing computational 
cost. Due to the versatility of the Transformer architecture, DETR 
demonstrates high performance in computer vision tasks without the 
need for extensive domain-specific adjustments, highlighting its poten
tial in weld defect detection.

DETR is a transformer-based end-to-end object detector that uses an 
encoder-decoder structure, with both encoder and decoder comprising 
multiple superpositions of a self-attention module, capturing long- 
distance dependencies more effectively. Compared with the traditional 
recurrent neural network (RNN) model[29], the parallel computing of 
the multi-head attention mechanism in the Transformer model greatly 
improves the efficiency of training and inference. In addition, Trans
former is applicable to many different types of sequence data, including 
text, images, and videos.

The model structure of DETR is illustrated in Fig. 3, which consists of 
five main steps: (1) CNN is used to extract image features, calculate the 
feature vector corresponding to each patch, and add position encoding; 
(2) global features are learned through the Transformer Encoder to assist 
subsequent detection tasks; (3) the encoder output is fed into the 
Transformer Decoder along with object queries, where the query vector 
q interacts with the key k and value v from the encoder to generate 
multiple prediction boxes; (4) the predicted box is matched with the 
actual box to determine whether the box contains the object, and the loss 
is calculated in the matched box and backpropagated; (5) the prediction 
head is established to generate the final prediction result.

By mapping the problem into a set prediction problem, the archi
tecture greatly simplifies the pipeline of object detection and directly 
outputs the predicted (object, box) set in an end-to-end manner. In the 
current popular object detection models, when testing mAP on the 
validation set, two key steps must be completed first: confidence 
threshold and non-maximum suppression (NMS)[30]. The former filters 
out low-scoring detection boxes, and the latter filters out redundant 
responses to the same object. After completing these two steps, the 

remaining detection boxes participate in calculating mAP. Specifically, 
DETR leverages the multi-head self-attention mechanism within the 
Transformer to capture long-range dependencies within the image, 
thereby reducing false positives and duplicate boxes. The decoder of 
DETR outputs prediction boxes that match the number of objects, and 
the Hungarian Algorithm is used for one-to-one matching to ensure that 
each predicted box correctly corresponds to a true object, eliminating 
the need for any additional post-processing steps.[24,31] This innova
tive approach introduces new possibilities for computer vision tasks and 
has significant potential for detecting weld defects. However, complex 
calculations and large amounts of data still need to be processed during 
training, leading to longer training time.

2.2. Introduction of RT-DETR

To meet the real-time requirements for weld detection, RT-DETR is 
employed to eliminate the need for post-processing through key im
provements, addressing the high computational cost problem of the 
DETR model. While retaining the same encoder and decoder architec
ture as DETR, RT-DETR incorporates several optimization improve
ments: First, it uses smaller feature maps to reduce computational cost 
significantly. Second, by reducing the number of attention heads, RT- 
DETR reduces the number of parameters. In addition, a new group 
attention mechanism is introduced, further enhancing performance 
while also effectively shortening training time. RT-DETR consists of 
three parts: the Backbone, Efficient hybrid encoder, and Transformer 
decoder with auxiliary prediction heads.

2.2.1. Backbone
In this study, the classic ResNet[32] structure in the backbone part is 

employed. The specific experiment uses PResNet50, whose network 
structure is shown in Fig. 4. PResNet50 introduces several improve
ments over ResNet50. First, the original 7 × 7 convolution layer in 
ResNet50 is replaced by three 3 × 3 convolution layers, which enhances 
the extraction of weld features while maintaining the same output. 
Second, in the first residual block of stages 2, 3, and 4, the original 1 × 1 
convolution layer (with a kernel size of 1 × 1 and a stride of 2) is 
replaced by a 2 × 2 average pooling layer (kernel size 2 × 2, stride 2) 
combined with a 1 × 1 convolution layer. This modification helps better 
retain the key information of the weld, thereby improving feature 
extraction performance.

2.2.2. Efficient hybrid encoder
For the neck network, RT-DETR uses a Transformer Encoder, 

referred to as the Efficient Hybrid Encoder, which consists of two parts: 
Attention-based Intra-scale Feature Interaction (AIFI) and CNN-based 

Fig. 3. Architecture of DETR detection neural networks.
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Cross-scale Feature-fusion Module (CCFM). AIFI reduces computational 
redundancy, and its structure is shown in Fig. 5. Weld features S3, 34, 
and S5 are output from stages 2, 3, and 4 of the backbone, respectively. 
Compared to the shallower S3 and S4 features, the deeper S5 features 
contain more advanced and richer weld semantic features, which is 
crucial for the Transformer model in distinguishing between different 

weld features. In contrast, since shallow features are less semantic in 
welds, intra-scale feature interaction is only performed on S5, while S3 
and S4 are processed using convolutional layers to extract weld features. 
Finally, these features are fused across scales through the feature map 
output by the encoder, enabling multi-scale weld feature acquisition 
while significantly reducing computational cost. In addition, the CCFM 
module has been optimized, with its structure shown in Fig. 6. Several 
convolutional fusion blocks are inserted into the feature fusion path, 
which merges adjacent feature maps into a new one. The network 
module adopts a parallel structure to extract features at various degrees 
from these feature maps, which are then added and dimensionally 
transformed. As a result, three feature maps of different scales are 
combined, enhancing the effect of weld feature fusion. At the same time, 
the three feature maps are stored in inner_outs for use in the next stage.

2.2.3. Transformer decoder with auxiliary prediction heads
In the decoder part, several DETR-related technologies are inte

grated, as shown in Fig. 7. The Query Selection component selects a 
fixed number of features from the sequence output by the Encoder to 
serve as object queries. These queries are a set of learnable embeddings 
optimized by the Decoder and then mapped to classification scores and 
bounding boxes through the prediction head. However, the inconsis
tency between classification scores and location confidence can lead to 
boxes with high classification scores but poor alignment with the actual 
target box (GT box). This causes the model to select boxes with high 
classification scores but low IoU values while discarding those with low 
classification scores but high IoU values, ultimately reducing detection 
performance. To address this problem, an IoU-Aware Query Selection 
method is proposed. This method constrains the model during training, 
ensuring the consistency between classification and IoU scores. As a 
result, the object queries contain more encoder features that are accu
rately classified and precisely located, thereby improving the detector’s 
accuracy. In addition, the Denoising module in the DN-DETR[33] model 
is introduced. During training, the ground truth boxes are denoised and 
used as part of the Decoder input. This allows the Decoder’s queries to 
predict specific targets more accurately, as they are generated from 
noisy targets, speeding up the convergence of the training process. 
Notably, no denoising is used during the inference phase.

In summary, RT-DETR offers significant advantages over existing 
real-time object detectors. First, it eliminates the need for post- 

Fig. 4. Detailed architecture of PResNet50.

Fig. 5. The structure of AIFI.
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Fig. 6. Detailed illustration of CCFM.

Fig. 7. The architecture of the decoder in RT-DETR.
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processing steps such as NMS, which reduces inference latency and 
improves detection speed. To efficiently handle multi-scale features and 
improve computational efficiency, RT-DETR utilizes an efficient hybrid 
encoder that decouples internal scale interactions and cross-scale fusion. 
In addition, the IoU-Aware Query Selection mechanism enhances the 
quality of initial object queries through IoU constraints during training, 
thereby improving detection performance. RT-DETR also supports 
adjustable decoder layers, allowing flexible control over inference speed 
without retraining, ultimately enhancing real-time weld defect 
detection.

2.3. Data augmentation methods

Data augmentation is a key technique in deep learning, enhancing 
the model’s generalization ability and performance by transforming and 
expanding the original data. This technique effectively addresses the 
problems of data imbalance and sample scarcity[34]. Different data 
augmentation methods offer unique advantages and are suited to spe
cific types of data. For the weld defect detection task, combining pixel- 
level data enhancement methods can provide more comprehensive and 
effective training data, which improves the performance and general
ization ability of the model. After thoroughly investigating multiple data 
augmentation methods, we selected Mixup, Mosaic, and Simple Copy- 
Paste to compare and identify the most suitable data augmentation 
method.

Mixup[35] is an algorithm used in computer vision to enhance im
ages by mixing different classes, thereby expanding the training data set. 
Mixup advocates for a linear interpolation of training samples, making 
the predictions more flexible and reducing the risk of overfitting. Since 
the decision boundary formed by model learning is smoother, the model 
will not be very absolute when dealing with uncertainty problems. By 
building a linear interpolation of samples, the model is relatively less 
affected by noise samples. In contrast, the model is more likely to learn 
this linear interpolation from real samples. The expansion of the model’s 
linear interpolation of samples helps to expand its cognitive scope, 
because the model needs to learn the subtle differences brought about by 
linear interpolation. This wide cognitive scope improves the model’s 
generalization ability for samples outside the distribution range of 
training set samples. The construction of new samples based on Mixup is 
as follows: 

x̃ = λxi +(1 − λ)xk(1)

ỹ = λyi +(1 − λ)yk(2)

Where xi, xk are raw input vectors; yi, yk are one-hot label encodings. 
(
xi,

yi
)

and 
(
xk, yk

)
are two randomly drawn samples from the training data, 

and λ ∈ [0, 1], where λ ∼ β(α,α) and α ∈ (0,∞). The Mixup hyper
parameter α controls the strength of interpolation between feature- 
target vectors, and when α→0, it reverts to the Empirical Risk Minimi
zation (ERM) principle.

Mosaic[36] is another data augmentation technique commonly used 
in computer vision tasks. The core idea of Mosaic is to create a new 
picture by splicing four pictures together by random scaling, cropping, 
and arrangement. The defects of the four pictures may appear in 
different positions of the new picture, so the model needs to learn to 
detect objects at varying positions and scales, making it more adaptable 
and robust[37].

Simple Copy-Paste[38] data augmentation is a simple yet effective 
data augmentation technique. Its core idea is generating new training 
samples by copying and pasting target objects from the original image. 
Specifically, one or more target objects are selected, copied, and placed 
in a random new location or background, with optional transformations 
such as translation, rotation, or scaling. The corresponding labels, 
including the location and category information, are then generated. 
This method has been widely used in computer vision tasks such as 

target detection, semantic segmentation, and instance segmentation 
[39].

3. Dataset

This study uses the steel pipe weld target detection dataset as the 
experimental dataset. The dataset, collected by the author and supple
mented with Internet resources, contains a total of 1,134 images, each 
with a resolution of 800 × 800 pixels. The weld dataset is labeled as 
’good’ or ’bad’ based on the presence of defects such as burrs and holes. 
The ground truth labels of the images in the dataset were created using 
LabelImg. The original and the target label images according to the 
PascalVOC specification are presented in Fig. 8 and Fig. 9, respectively.

Fig. 10 shows different types of target defect images, including those 
with good quality and defects such as burrs and pits. This dataset 
comprehensively covers common welding defects, with each type of 
defect meticulously annotated to ensure both accuracy and diversity. 
These images provide detailed representations of quality issues that may 
arise during welding, making the dataset highly representative and 
practical. For model training and performance evaluation, the dataset is 
divided into a training set and a validation set in a ratio of 8:2, with the 
training set containing 908 images and the validation set containing 226 
images. This division method ensures sufficient data for training and 
reliable validation results.

4. Experiments

4.1. Configure the experimental environment

In this study, all deep learning models are written in Python using the 
PyTorch framework. All models are trained and evaluated using the 
same software. The hardware environment includes a computer with an 
Intel(R) Core(TM) i5-13400F processor (CPU), 64G memory, NVIDIA 
GeForce RTX 4070 graphics processor (GPU), and 12G memory. The 
operating system is Window10 (64 bits). The specific operating envi
ronment is shown in Table 1.

4.2. Neural network hyperparameter settings

The hyperparameter setting of network training is also of vital 
importance. If the learning rate is too high, the model may eventually 
oscillate around the optimal solution; if it is too low, more training 
epochs may be needed, leading to inefficient use of resources. To address 
this, a piecewise decay schedule and linear warm-up are used to set the 
learning rate. The base learning rate is set to 0.0001, with a piecewise 
decay factor of 0.9, meaning that after every 100 epochs, the learning 
rate will be multiplied by 0.9. A linear warm-up learning rate starts from 
0.00001 and gradually increases to the base learning rate of 0.0001 over 
the first 2000 steps. The optimizer used is AdamW[40], with a weight 
decay of 0.05 to prevent overfitting from penalizing large weights. In 
addition, gradient clipping is used during training to limit the gradient 
values and avoid gradient explosion. The maximum gradient norm is set 
to 0.1.

Fig. 11 shows the average accuracy mAP@0.5 and mAP@0.5:0.95 of 
the RT-DETR-based weld defect detection model, demonstrating its high 
accuracy. Fig. 12 compares the target (red) and the predicted (green) 
results. The high degree of overlap between the two indicates that the 
model performs well. The results demonstrate that the current hyper
parameter settings result in excellent detection accuracy and are 
therefore adopted for use in this experiment.

4.3. Data augmentation operations

In order to increase the complexity of the dataset and improve the 
generalization ability of the model, we used Mixup, Mosaic and Simple 
Copy-Paste data augmentation methods to process the dataset. The 
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principles of these methods are shown in Section 2.3. Fig. 13 presents 
examples from the augmented dataset. It can be seen from the obser
vation that the Mosaic data augmentation method starts with four 
randomly selected pictures and splices them into a new image through 
random scaling, cropping and arrangement. The Simple Copy-Paste 
method selects one or more target objects in the original image, 
placing them in a new position or background using translation, rota
tion, and scaling. Different from the first two methods, Mixup generates 
new image samples by mixing two different images in a particular 
proportion. Each model, including the proposed method, was trained 
separately with adjusted hyperparameters, and the results were 
compared to verify the effectiveness of the proposed approach.

4.4. Evaluation metrics

This article uses accuracy (P), recall (R), and mean average precision 
(mAP) as evaluation metrics. We use the intersection over union (IoU) 
between the predicted and the actual labeled boxes as the evaluation 
threshold. The IoU threshold is divided into intervals from 0.50 to 0.95. 
The 0.50:0.95 average precision (AP) is calculated by sampling every 
0.05 within this interval. The final AP is the average value of these in
dividual accuracy calculations. AP50 represents the AP measurement 
value when the IoU threshold is 0.5. In the target detection model, mAP 
measures the average maximum precision across categories at varying 
recall values, balancing precision and recall to provide a single numer
ical performance indicator. The calculation formulas for P, R, mAP, and 

Fig. 8. Typical images of the experimental dataset.

Fig. 9. Typical labeled images of the experimental dataset.
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AP are as follows: 

Precision =
TP

TP + FP
(3) 

Recall =
TP

TP + FN
(4) 

AP =
∑N

k=1

max∼
k≥k p(k̃)ΔR(k) (5) 

mAP =

∑n
i=1APi

n
(6) 

where TP, FP, and FN stand for “True Positive”, “False Positive”, and 
“False Negative”, respectively. They are defined based on the IoU be
tween the predicted bounding box and the ground truth. If the IoU is 
greater than a threshold, the bounding box is labeled as TP, indicating 
the number of correctly identified objects; otherwise, it is labeled as FP, 
meaning the number of incorrectly identified objects.

In the study of detection speed, frames per second (FPS) are used as 
the main indicator to evaluate detection speed, representing the number 
of image frames the model can process per second. A higher FPS reflects 
faster model processing.

5. Results and discussion

5.1. Data augmentation performance comparison

To enhance the model’s generalization ability and improve the ac
curacy of detecting various weld defect types, various data 

Fig. 10. Images of different categories:(a) Typical images of good quality;(b) Typical images with glitches; (c) Typical images with porosities.

Table 1 
The experimental environment configutaion.

Experimental Platform Environment Configuration

CPU Intel(R) Core(TM) i5-13400F
GPU NVIDIA GeForce RTX 4070 Ti
CUDA 12.2
Python 3.8
Deep learning framework PyTorch = 2.0.1 + cu118
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augmentation strategies are employed in this study. This section dis
cusses the effects of Mixup, Mosaic and Simple Copy-Paste data 
augmentation methods. Table 2 lists the evaluation indicators of the RT- 
DETR model trained on the original dataset and the datasets augmented 
with Mixup, Mosaic and Simple Copy-Paste methods. The table shows 
that the Mosaic augmentation method leads to the most significant 
improvement, with the mAP@0.5:0.95 increasing by 0.134 from 0.667 
to 0.801. The Simple Copy-Paste data augmentation method increases 
the mAP@0.5:0.95 to 0.757, while the Mixup data augmentation 
method causes a slight drop to 0.649. The superior performance of the 
Mosaic method may be attributed to its ability to stitch multiple 
different images into a new image, introducing more diversity and 
complexity and helping the model learn the features across different 

scenarios. Although the Simple Copy-Paste method does not offer the 
same level of diversity as the Mosaic method, it introduces sufficient 
variation and noise, aiding the model’s generalization to new scenarios. 
In contrast, the Mixup method may cause the mixing of weld defect 
features, interfere with the learning of the model, and thus reduce the 
detection performance. The FPS remained consistent across methods, 
indicating stable operational efficiency and meeting the real-time re
quirements. Fig. 14 lists the results of the average detection accuracy 
mAP@0.5 and mAP@0.5:0.95 of the three data augmentation methods. 
Mosaic consistently showed the highest detection accuracy, demon
strating its effectiveness in improving both the generalization and ac
curacy of the weld defect detection model, leading to its adoption in this 
study to enhance the model’s overall performance.

Fig. 11. The mAP evolution during the training process of RT-DETR.
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5.2. Comparison of detection performance

In order to verify the effectiveness of the proposed method, this 
section compares the detection performance of RT-DETR with six other 

machine learning models, Faster R-CNN, SSD, YOLOv5, YOLOv11 and 
DETR, on the weld dataset. To be noted, YOLOv5s and YOLOv11x 
version are adopted in this study. Table 3 lists the performance of each 
model in terms of accuracy, recall, and FPS. The results show that RT- 
DETR achieves the highest mAP scores, with mAP@0.5 reaching 0.996 
and mAP@0.5:0.95 reaching 0.801, highlighting the significant advan
tages of RT-DETR. This is due to the RT-DETR model leveraging the 
advantages of Transformer and the CNN, allowing it to capture long- 
distance dependencies and global information, thereby improving 
detection accuracy. In contrast, the traditional Faster R-CNN, SSD, and 
YOLO series primarily rely on CNN for feature extraction, which, while 
effective for local features, falls short of capturing global features. In 
addition, RT-DETR demonstrates a clear advantage in processing speed, 

Fig. 12. Detection results of RT-DETR with the optimal hyperparameters.

Fig. 13. Typical images of different augmentation methods.

Table 2 
The performance comparison of different data augmentation methods.

Method Precision Recall mAP@0.5 mAP@0.5:0.95 FPS

Original 0.718 0.956 0.996 0.667 67
Mixup 0.662 0.851 0.992 0.649 65
Mosaic 0.726 0.912 0.998 0.801 68
Simple Copy-Paste 0.686 0.869 0.998 0.757 66

G. Liu et al.                                                                                                                                                                                                                                      Advanced Engineering Informatics 65 (2025) 103318 

11 



delivering 19 more FPS than the widely used real-time detection model 
YOLOv5. Unlike other models that rely on NMS post-processing, which 
is often difficult to optimize and slows down detection speed, RT-DETR, 
using the DETR architecture, eliminates the need for NMS, significantly 
boosting its speed. It also has certain advantages in detection speed 
compared to YOLOv11.

Fig. 15 lists the detection effect images of the six algorithms Faster R- 
CNN, SSD, YOLOv5, YOLOv11, DETR and RT-DETR on the test set. Of 
the six models, RT-DETR performs the best, accurately locating defects 
and providing precise bounding boxes. It is particularly effective on 
uneven surfaces, where it significantly outperforms the other models. 

Fig. 14. Map evolution during rt-detr training process after data augmentation.

Table 3 
Comparison study of detection performance of various models.

Model Precision Recall mAP@0.5 mAP@0.5:0.95 FPS

Faster R-CNN 0.785 0.800 0.973 0.712 16
SSD 0.754 0.803 0.981 0.721 28
YOLOv5* 0.782 0.951 0.987 0.728 48
YOLOv11* 0.802 0.956 0.996 0.768 56
DETR 0.731 0.810 0.986 0.722 26
RT-DETR 0.798 0.963 0.996 0.801 67

*Note: The versions utilized in this experiment are YOLOv5s and YOLOv11x.

Fig. 15. Detective results comparison study of different neural networks.
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Compared with Faster R-CNN and SSD, RT-DETR demonstrates more 
precise defect localization, especially in complex backgrounds. By uti
lizing the self-attention mechanism, it captures long-range contextual 
information, which helps in more accurately determining the defect 
locations. Compared with Faster R-CNN and SSD, RT-DETR demon
strates more precise defect localization, especially in complex back
grounds. By utilizing the self-attention mechanism, it captures long- 
range contextual information, which helps in more accurately deter
mining the defect locations. Compared with the YOLO series (e.g., 
YOLOv5, YOLOv11), RT-DETR shows superior performance in bounding 
box accuracy. Additionally, CNN based model YOLOv11 may be affected 
in complex scenes, especially when dealing with overlapping and small 
objects. RT-DETR generates more accurate bounding boxes based on a 
global understanding of the context by leveraging the transformer ar
chitecture. In contrast to DETR, RT-DETR retains the end-to-end 
learning capability and the advantage of not requiring NMS post- 
processing, while improving feature extraction performance. This 
enhancement allows RT-DETR to offer improved localization accuracy 
and bounding box regression, particularly in dense and complex defect 
detection tasks. Thus, RT-DETR not only provides accurate defect 
localization but also delivers more precise bounding box predictions. 
When handling complex images, it demonstrates stronger robustness 
and accuracy compared to Faster R-CNN, SSD, the YOLO series, and 
DETR.

Therefore, from the above experimental results, it can be concluded 
that weld defect detection based on RT-DETR not only has a leading 
advantage in target detection accuracy, but also performs well in real- 
time application scenarios, providing an ideal solution for tasks such 
as weld defect detection, where both accuracy and speed are crucial.

6. WAAM weld on-site inspection

In order to verify the generalization performance of the proposed 
method, it is tested in metal Additive Manufacturing (AM) scenarios. 3D 
printed welds are a new technology that combines AM technology with 
the metal welding process, commonly used for repairing and 
manufacturing complex metal parts or conducting welding operations in 
high-risk and high-voltage scenarios. Among the available techniques in 
this area, Wire Arc Additive Manufacturing (WAAM)[41] integrates 
traditional welding technology with modern robots to produce large- 
scale components. This technique has great potential for applications 
in the field of intelligent construction of metal structures. In the WAAM 

printing process, the quality and geometry of the weld are crucial to the 
structural strength and overall quality of the printed parts. However, 
manual inspection in high-voltage environments poses significant safety 
hazards and is prone to subjective errors. The detection method pro
posed in this study aims to achieve automatic real-time detection of weld 
defects in an end-to-end manner, significantly improving detection ac
curacy and efficiency.

In this study, WAAM is conducted using the ArcMan S1 Adv, a mini- 
integrated intelligent arc additive manufacturing system. The setup in
cludes a Fronius brand TPS 4000 CMT Adv welding machine and an ABB 
IRB 1200–5/0.9 robot arm. Guided by the IungoPNT software, the sys
tem utilizes a flexible six-axis robot and an ultra-stable fuse power 
supply to print a series of welds using stainless steel wire. The arc ad
ditive manufacturing system is shown in Fig. 16.

Fig. 17 shows the consolidated weld bead formed during the WAAM 
printing process. The original image was cropped into an image with a 
resolution of 800 × 800 pixels, and then labeled according to the pre
vious requirements, with defect label examples shown in Fig. 18. As can 
be seen from the figure, there are significant variations in weld quality, 
indicating that various defects and inconsistencies may arise during the 
welding process. This underscores the importance of real-time weld 
detection, which allows for timely identification and correction of is
sues, ensuring that weld quality meets standards. Real-time detection 
also reduces rework and material waste, improving both production 
efficiency and safety.

During the WAAM printing process, the proposed method was used 
to detect weld defects. The original input image (first row) and the 
detection results (second row) are shown in Fig. 19. The detection de
tails are shown in Table 4. The proposed method achieved a 
mAP@0.5:0.95 of 0.801, the highest accuracy compared with other 
models. Additionally, it outperformed the others in FPS, reflecting its 
superiority in accuracy and speed. The predictive results from the 
WAAM tests demonstrate that the proposed method in this study is both 
effective and robust, fully meeting the requirements for WAAM weld 
detection and highlighting the clear advantages of the RT-DETR-based 
model in AM applications.

7. Conclusion

This study proposes a real-time weld defect detection based on a 
Real-Time DEtection Transformer (RT-DETR). The model improves the 
Transformer architecture by eliminating time-consuming NMS 

Fig. 16. Illustration of Arc Additive Manufacturing System ArcMan S1 Adv.
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procedures, achieving accurate real-time detection. Besides, data 
augmentation methods are adopted to further improve the model’s 
generalizability. The proposed model was validated on a collected 
dataset of 1,134 weld images and tested on WAAM on-site images. The 
main conclusions are as follows: 

Among the three data augmentation methods, Mixup, Mosaic, and 
Simple Copy-Paste, the Mosaic and Simple Copy-Paste techniques 

achieved mAP@0.5:0.95 accuracy rates of 0.801 and 0.757, 
improving by 0.131 and 0.09 compared to the original dataset. In 
contrast, the Mixup method reduced accuracy to 0.649. Therefore, 
Mosaic is the most suitable augmentation method for weld defect 
detection, significantly enhancing the model’s performance and 
generalization capability.
The RT-DETR-based welding defect detection model demonstrates 
exceptional detection capabilities. Compared to existing object 

Fig. 17. Typical in-situ weld images of WAAM.

Fig. 18. WAAM welding labeled images.
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detection models such as Faster R-CNN, SSD, YOLOv5, YOLOv11, 
and DETR, the RT-DETR model achieves the highest detection per
formance, with an mAP@0.5:0.95 accuracy of 0.801. Additionally, it 
attains the fastest frame rate of 67 FPS, showcasing a notable 
advantage in detection speed even when compared to YOLOv11. The 
RT-DETR-based welding defect detection model not only maintains 
high precision but also delivers superior frame rates per second, 
demonstrating its feasibility for real-time welding defect detection.
The RT-DETR-based welding defect detection model demonstrates 
high feasibility for detecting weld production in 3D printing of steel 
structures. The proposed method achieved the highest detection 
accuracy, with a mAP@0.5:0.95 of 0.801, outperforming other 
models. Additionally, the detection frame rate reaches 67 FPS, which 
also shows the best performance. The model’s accuracy and real-time 
detection capabilities make it a reliable solution for the quality 
control of 3D printing welds.

In summary, the weld defect detection model based on RT-DETR not 
only achieves high accuracy in weld defect detection but also meets the 
real-time detection requirements of industrial applications. Addition
ally, the augmented dataset serves as a high-quality benchmark for 
model training and evaluation, contributing to improved weld defect 
detection. This approach enhances detection accuracy and processing 
efficiency, addressing key challenges in traditional weld defect detection 
methods. The successful application of this framework in WAAM field 
inspection further demonstrates its feasibility and provides a reliable 
solution for weld defect detection. In future research, the 

generalizability of the model can be improved by training on welding 
defect images under diverse environmental and engineering conditions. 
This will contribute to the development of a more robust welding defect 
detection model applicable to various real-world scenarios. Addition
ally, techniques such as pruning and knowledge distillation will be 
explored to enhance the model’s efficiency and reduce the computa
tional requirements. With these methods it would be more suitable for 
the deployment on various devices, particularly on edge devices, 
thereby enabling real-time welding defect detection in industrial 
environments.
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Fig. 19. Illustration of weld defect detection results in WAAM.

Table 4 
The comparison of detection performance of various models.

Model mAP@0.5 mAP@0.5:0.95 FPS

Faster RCNN 0.971 0.712 16
SSD 0.976 0.656 28
YOLOv5 0.985 0.731 48
YOLO11 0.992 0.768 56
DETR 0.982 0.722 26
RT-DETR 0.992 0.801 67
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