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Abstract: Aiming at the difficulty of surface contour extraction of resistance spot welding joints under complex working 
conditions and the low accuracy of image recognition under small sample data sets, a semantic segmentation and contour 
extraction method of resistance spot welding joints based on CLIPSeg-SAM2 is proposed. Firstly, the resistance spot welding 
process test was carried out to establish a small sample data set. Then, the CLIPSeg is fine-tuned using the resistance spot welding 
joint data set, and the segmentation ability of visual-linguistic alignment is driven by text prompts to achieve pixel-level 
positioning of the joint semantic region. Finally, the joint semantic positioning is used as a priori to drive SAM2 for fine 
segmentation and contour extraction, so as to achieve a complete closed-loop from visual-linguistic coarse positioning to pixel-
level contour extraction. The experimental results show that the mPA of CLIPSeg-SAM2 model reaches 85.34 % and the mloU 
reaches 93.72 %. The proposed method is helpful to realize the automatic positioning and quality monitoring of the welding area 
in the connection process of precision valve parts by resistance spot welding, and has good engineering application value. 
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1. Introduction 
Welding is a modern manufacturing process that connects 

metal materials by heating or pressurization. Among them, 
resistance spot welding is a welding method that applies a 
large current between the two electrodes and the workpiece to 
be welded, and melts the workpiece interface to form a solder 
joint under the combined action of resistance heat and 
pressure[1].It is widely used in industrial fields such as 
automobile manufacturing, aerospace and oil and gas pipeline 
transportation[2][3][4]. Resistance spot welding is commonly 
used in the connection of precision valve parts with high air 
tightness. The quality of the welded joint directly affects the 
safety and service life of the valve. The nugget diameter is 
directly related to the mechanical properties of the joint. 
However, in the process of large-scale welding production, it 
is easy to cause abnormal nugget size of the joint and affect 
the safety performance of the key parts of the valve due to the 
interference of welding parameters, electrode wear, 
workpiece surface pollution and other working conditions. At 
present, the nugget size detection of welded joints depends on 
measuring instrument and artificial visual detection. This 
method is subject to the experience and visual discrimination 
ability of the staff, and the detection error is large and the 
efficiency is low [5], which is difficult to meet the efficient 
and intelligent detection. Therefore, it is necessary to realize 
a method of automatic identification of welded joints with 
rapidity and high precision.  

Traditional welding joint detection mainly adopts visual 
detection method, using image processing technology to 
identify the appearance of joints [6]. Wang Shuqiang [7] uses 
scale space median filtering to remove noise, then obtains the 
center line of laser stripe by gray center of gravity method, 
and obtains the position of weld feature points by Hough line 
fitting. The recognition error of this method is controlled 

within 0.094 mm. Luo [8] combined image preprocessing, 
edge detection based on improved Canny algorithm, and weld 
feature extraction based on Steger algorithm and improved 
CenterNet algorithm. The root mean square error of this 
method is less than 1 pixel, and the average recognition time 
is less than 0.30 s. The visual detection method is not accurate 
for complex background image recognition and is easy to 
misdetect. With the rapid development of target detection 
technology based on deep learning, significant progress has 
been made in the identification of welded joints. Compared 
with traditional image processing technology, deep learning 
convolutional neural network can extract the deep features of 
welded joints, achieve efficient and accurate detection of 
welded joint contours, and improve the reliability of welding 
quality detection [9]. Target detection technology has been 
applied to industrial detection tasks, such as one-stage 
detection algorithms represented by YOLO and SSD [10] and 
two-stage detection algorithms represented by Faster R-CNN 
[11]. Zhang [12] introduced the small target detection layer, 
CBAM mechanism and GhostNet network to improve the 
feature extraction effectiveness and prediction accuracy of the 
original YOLOv5s network model, and the average accuracy 
increased by 5.5 % and 1.3 % respectively. He Tao [13] 
introduced the feature network pyramid model, fused the 
semantic information of the high-level feature layer and the 
detail information of the low-level feature layer, and added 
the cross-attention mechanism to make the network pay 
attention to the defect features and suppress the reflective 
background information. The region of interest alignment is 
used to avoid the two quantization errors caused by the region 
of interest pooling operation affecting the detection accuracy 
of the network. The results show that the improved Faster R-
CNN model is 3.9 % higher than the original model. However, 
target detection technology still has limitations in industrial 
detection. On the one hand, the target detection algorithm 
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requires a large number of data samples, but the number and 
types of welded joints in the welding field are small. On the 
other hand, the size of the welded joint is small, and it is 
difficult to provide pixel-level image segmentation, resulting 
in a significant decrease in the accuracy of identifying the 
nugget diameter of the welded joint [14]. 

The visual language model has the cross-modal ability of 
image understanding and natural language generation, and 
can be applied to the visual task of welding detection for 
semantic interpretation [15]. Semantic segmentation assigns 
semantic category labels to each pixel in the image to achieve 
pixel-level understanding, accurately determine the specific 
location of the object in the image, and segment the boundary 
between the objects. Xiong [16] improved the CBAM-change 
attention module, and the mIoU of the improved DeepLabv3 
+ model reached 92.15 %, which improved the accurate 
segmentation of solder joint defects. 

In the process of resistance spot welding of precision valve 
parts, it is very important to accurately identify the nugget 
diameter of the welded joint to realize on-line detection of 
welding quality. The deep learning method based on semantic 
segmentation can extract deeper image information, which 
provides a new idea for the quality detection of welded joints. 
Therefore, this paper proposes a contour extraction method of 
welded joints based on small sample data sets. The CLIP-
SAM2 model is used to realize the segmentation and 
recognition of welded joints. Contour extraction has 
important application value in improving intelligent welding 
quality detection. 

2. Experimental Methods and Dataset 
Construction 

The test platform uses a variable polarity transistor 
resistance welding power supply with a rated output current 
of 4KA and a pneumatic pressurization mechanism. The 
welding base metal is 8mmx8mm copper and nickel-plated 
steel, and the single-sided double-point welding is carried out 
in the form of lap joint. The schematic diagram of spot 
welding is shown in Fig.1. The welding samples were made 
by adjusting the welding process parameters and changing the 
welding conditions. The welding process parameters are 
shown in Table 1. The base metal needs to be degreased and 
dried before welding to eliminate the oxide film on the surface 

of the base metal. 
 

 
Fig 1. Single side double spot welding schematic diagram 

 
Table 1. Welding process parameter table 
Parameter name Parameter range 

Welding voltage (mv) (2300-2600) 
Welding time(ms) (3-4.5) 

Pneumatic pressure (MPa) (0.35-0.45) 

 

According to the welding process parameter table in Table 
1, 16 groups of resistance spot welding orthogonal tests were 
designed. Each group of process parameters was tested five 
times under normal, gap and oil pollution conditions, and a 
total of 240 data samples were obtained. After the test is 
completed, the electronic universal testing machine is used 
for tensile test to separate the nickel sheet from the copper 
sheet, and then the micron measuring instrument is used to 
obtain the image of the welded joint, as shown in Fig.2. From 
left to right are joints under normal working condition, gap 
working condition, and oil-contaminated working condition. 

 

 
Fig 2. Diagrams of Welded Joints Under Different Operating 

Conditions 

3. Construction Method of CLIPSeg-
SAM2 Model 

 
Fig 3. CLIPSeg-SAM2 Model Architecture 
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The CLIPSeg model is based on the CLIP model and 

introduces the Transformer decoder. It can segment the 
specified target according to any text or image, and directly 
generate the mask of the corresponding region in the image, 
which is suitable for zero-shot and one-shot segmentation 
tasks [17]. Due to the low segmentation accuracy and blurred 
edges of CLIPSeg, it can only be used as a preliminary prompt, 
and the contour of welded joints cannot be accurately 
identified. SAM2 (Segment Anything Model 2) model is an 
image segmentation model. Its core architecture consists of 
three parts : image encoder, mask decoder and prompt encoder. 
[18] After pre-training in a large amount of data, it can 
segment any image with high quality and has strong zero-
sample generalization ability. However, SAM2 model needs 
to provide multimodal prompt input such as points, boxes and 
texts. According to the functional characteristics of CLIPSeg 
and SAM2 models, this paper proposes a contour extraction 
method of welded joints based on CLIPSeg-SAM2 model to 
identify resistance spot welding under small sample data sets, 
and constructs a pattern of ‘semantic feature localization 
(CLIPSeg) + pixel-level segmentation (SAM2) ’. The model 
architecture is shown in Figure 3. Firstly, the CLIPSeg model 
is fine-tuned by using the constructed weld joint image data 
set, and the target position is roughly located with ' weld 
nugget ' as the text prompt word. Then, the position is 
converted into a point or box as the prompt input of SAM2. 
Finally, the weld joint mask is segmented by SAM2 and the 
contour is extracted. 

4. Experiments, Results and Discussion 
(1) Experimental setup and model parameter configuration 
The experimental environment is based on the operating 

system Windows 10, the CPU is Intel (R) Core (TM) Ultra 7 
265K, the GPU is NVIDIA GeForce RTX 4070 Ti SUPER, 
the integrated development environment is PyCharm, the 
programming language is Python 3.11, the deep learning 
framework is PyTorch 2.12.0, and CUDA is 12.6. Since the 
existing CLIPSeg and YOLO26l-sem models use data sets 
such as COCO to train the model to obtain weights, the 
understanding ability of the welded joint image in the actual 
resistance spot welding production is weak, and the joint 
image cannot be accurately segmented. Therefore, the 
collected images are used as a self-defined data set to train the 
CLIPSeg and YOLO26l-sem detection models. The 
hyperparameters set by the training model are shown in Table 
2. The loss function uses a combination of cross-entropy loss 
function and Dice loss function to optimize the segmentation 
accuracy and the model 's learning ability for small sample 
data sets. 

 
Table 2. Hyperparameter Table 

Parameter name Parameter range 
batch size 4 

epoch 50 
optimizer Adam 

learning_rate 5e-5 

 

(2) Evaluation metrics 
In the semantic segmentation image task of deep learning, 

Mean Pixel Accuracy (mPA) and Intersection over Union 
(IoU) are two core evaluation indexes, which are calculated 
based on the confusion matrix. The calculation formulas of 
the indexes are shown in Equations ( 1 ) and ( 2 ). 
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where 𝑛௜௜  denotes the number of pixels correctly 
predicted as class i, and 𝑛௜௝ represents the total number of 
pixels belonging to the true class i. 
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where TP, FP and FN denote the true positives, false 
positives and false negatives in the confusion matrix, 
respectively. 

(3) Comparison of experimental results among different 
models 

The collected 240 image samples are used to generate the 
label data of the welded joint using the Labelme image 
annotation tool, so as to train the CLIPSeg and YOLO26l-sem 
detection models, generate a rough mask, and locate the target 
area of the welded joint. The results are used as prompts to 
input the SAM2 model to further segment and extract the 
contour of the welded joint. In order to verify the performance 
of the CLIPSeg-SAM2 model in the recognition and 
segmentation of welded joints and contour extraction tasks, it 
is compared with the YOLO26l-sem-SAM2 model. The 
performance of the compared model is shown in Table 3. 

 

Table 3. Performance Analysis Table for Different Models 
metrics CLIPSeg-SAM2(%) YOLO26l-sem-SAM2(%) 
mPA 85.34 80.09 
mIoU 93.72 88.15 
 
In the task of semantic segmentation and contour extraction 

of welded joints under small sample data sets, it is particularly 
important to accurately segment multiple joints in the image 
and accurately extract the joint contour. From the table, it can 
be seen that the CLIPSeg-SAM2 model proposed in this paper 
achieves 85.34 % and 93.72 % in average pixel accuracy and 
average intersection ratio, respectively, which is significantly 
higher than YOLO26l-sem-SAM2. The main reason is that 
there are few samples in the welding joint data set. The 
YOLO26l-sem model requires a large number of finely 
labeled welding joint data sets, which is very dependent on 
the labeling quality. The semantic understanding ability of 
different styles of welding joint images in actual production 
is weak, and it is difficult to accurately segment the joint 
target, which affects the fine welding joint contour extraction 
of the SAM2 model. The CLIPSeg model has zero-sample 
generalization ability, and the fine-tuning CLIPSeg model 
under the small sample data set still has high accurate 
semantic segmentation ability, which can correctly identify 
multiple welded joints in the image. On this basis, the SAM2 
model further divides the joint image and accurately extracts 
the surface contour. In order to more intuitively reflect the 
generalization of the CLIPSeg-SAM2 model, the surface 
contour of the welded joint under complex working 
conditions can be effectively extracted. The contour images 
of the welded joint are extracted under complex working 
conditions such as normal, gap and oil stain. The specific 
results are shown in Fig.4. 

In summary, the CLIPSeg-SAM2 algorithm performs well 
in the semantic segmentation and contour extraction tasks of 
welded joints of resistance spot welding, and has good 
application value in actual industrial image detection. 
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Original 
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Contour extraction result 

   
 (a) Normal working condition (b)Gap working condition (C)Oil-contaminated working condition 

Fig 4. Semantic segmentation and contour extraction result map based on CLIPSeg-SAM2 
 

5. Conclusion 
In this study, a semantic segmentation and contour 

extraction method of welded joints based on CLIPSeg-SAM2 
model is proposed. By introducing CLIPSeg model, accurate 
image segmentation and contour extraction of welded joints 
under small sample data sets are realized. Under the small 
sample data set, the CLIPSeg model has more advantages in 
the ability of semantic segmentation of welded joints than the 
YOLO26l-sem model. Compared with other semantic 
segmentation methods based on deep learning, the CLIPSeg-
SAM2 model has the best performance, and the average pixel 
accuracy and average intersection-union ratio reach 85.34 % 
and 93.72 %, respectively. It shows that the proposed method 
has better semantic segmentation and contour extraction 
ability of welded joints, can improve the recognition accuracy 
and process control level of welded joints, and shows a good 
prospect of visual guidance and quality control. 

Acknowledgments 
The authors gratefully acknowledge the financial support 

from Wenzhou Major Science and Technology Innovation 
Project Plan (ZG2024050) and Wenzhou Science and 
Technology Projects Plan (GC20250034). 

References 
[1] Xia, Y. J., Li, Y. B., Lou, M., et al. (2020). Recent advances 

and analysis of quality monitoring and control technologies for 
RSW. China Mechanical Engineering, 31(1), 100–125. 

[2] Dai, W., Li, D., Tang, D., et al. (2021). Deep learning assisted 
vision inspection of resistance spot welds. Journal of 
Manufacturing Processes, 62, 262–274. https://doi.org/10. 
1016/j. jmapro.2020.12.015. 

[3] Qian, W. C., Dong, S. H., Sun, M., et al. (2025). Advances in 
intelligent defect recognition method for oil and gas pipeline 
weld X-ray image. Petroleum Science, 22(4), 2061–2078. 
https:// doi.org/10.1016/j.petsci.2025.12.020. 

[4] Lin, Z. Q., Ma, Y. W., Xia, Y. J., et al. (2023). Advances in 
forming and joining processes of lightweight high-strength 
thin-walled vehicle structures. Journal of Mechanical 
Engineering, 59(20), 1–17. https://doi.org/ 10.3901/ JME. 2023. 
20. 001. 

[5] Vasan, V., Sridharan, N. V., Balasundaram, R. J., et al. (2024). 
Ensemble-based deep learning model for welding defect 
detection and classification. Engineering Applications of 
Artificial Intelligence, 136, 108961. https://doi. org/ 10. 1016/ 
j. engappai.2024.108961. 

[6] Zhao, L. Y., & Wu, Y. Q. (2022). Research progress of surface 
defect detection methods based on machine vision. Chinese 
Journal of Scientific Instrument, 43(1), 198–219. 

[7] Wang, S. Q., Chen, G. K., & Yao, K. X. (2026). Fillet weld 
identification method based on improved correlation filtering. 
Welding & Joining, (3), 58–64, 98. 

[8] Luo, G. L., Zhang, C. L., Wan, F., et al. (2026). Research on 
intelligent welding seam recognition method for welding 
robots based on improved CenterNet algorithm. Machinery 
Design & Manufacture, (5), 317–322. 

[9] Zhao, E. X., He, Y. Y., Shen, K., et al. (2023). Casting CT 
image segmentation algorithm based on deep learning. Chinese 
Journal of Scientific Instrument, 44(11), 176–184. 

[10] Song, L., Zhang, P., Chen, K., Li, Z., Yan, H., & Huang, Y. 
(2025). From classical algorithms to deep learning: a review of 
machine vision for monitoring welding dynamics. The 
International Journal of Advanced Manufacturing Technology, 
140(11), 5885–5929. 

[11] Mohammed, A., & Hussain, M. (2025, May 27). Advances and 
challenges in deep learning for automated welding defect 
detection: A technical survey. IEEE Access. 

[12] Zhang, H. P., Liu, X. Y., Zhao, F. Z., et al. (2025). Improved 
YOLO-based image segmentation method for AEC welding 
cup profile. Journal of Shanghai University of Engineering 
Science, 39(3), 366–374. 

[13] He, T., Zhang, C. J., Xiong, C., et al. (2026). Defect detection 
method of soft-pack lithium batteries based on Faster R-CNN. 
Hot Working Technology, 55(11), 126–132. 

[14] Wang, Y. F., Du, H. Z., Hu, Y. B., et al. (2025). Precise 
localization and segmentation method for resistance spot 
welding defects based on multi-scale feature fusion network. 
Chinese Journal of Scientific Instrument, 46(7), 202–213. 

[15] Wen, H. Y., Wang, X. P., & Yu, X. H. (2026). Application 
status and prospects of vision-language models in welding 
defect detection. Transactions of the China Welding Institution, 
47(6), 75–85. 

[16] Xiong, X., Wu, W., Du, J., et al. (n.d.). A Method for Surface 
Defect Detection in Resistance Spot Welding Based on an 
Improved DeepLabv3+ Model. China Mechanical Engineering, 
1–10. 

[17] Lüddecke, T., & Ecker, A. (2022). Image segmentation using 
text and image prompts. In Proceedings of the IEEE/CVF 
Conference on Computer Vision and Pattern Recognition 
(CVPR) (pp. 7086–7096). https://doi. org/10.1109/ CVPR 
52688. 2022.00695. 

[18] Ravi, N., Gabeur, V., Hu, Y. T., Hu, R., Ryali, C., Ma, T., 
Khedr, H., et al. (2025). SAM 2: Segment anything in images 
and videos. In International Conference on Learning 
Representations. https://doi.org/10.48550/arXiv.2408.09575. 

 


