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Abstract: Aiming at the poor environment, slow speed and low accuracy of manual 

identification of weld positions in complex industrial environments, in order to adapt 

to the constantly changing external environment and improve the accuracy of weld 

position recognition and detection, it is based on the existing deep convolutional neural 

network model, this paper proposes an improved Faster R-CNN model combined with 

the VGG16 and ResNet58 convolutional neural network respectively. According to the 

characteristics of the network model, the Faster R-CNN network structure is improved 

to improve the accuracy of detection in complex environments and perform sensitive 

analysis of parameters. Experimental results show that compared with the traditional 

Faster R-CNN algorithm, the proposed improved algorithm has an average accuracy 

improvement of 8.30%, a comprehensive recognition accuracy rate of 81.77%, and 

reduced image processing time. 
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1. Introduction 

In industrial welding, the recognition and guidance of the position of the beginning 

and end of the weld is an important prerequisite for the realization of intelligent 

automatic welding by robots[1-3], At present, in the production of industrial applications, 

most welding robots[4-5] adopt the teaching-reappearing work mode. The recognition 

accuracy basically depends on the teaching experience, and it needs to be taught 

again after changing the position of the workpiece to be welded. The work efficiency 

is low and the intensity is high. In vision applications, the robot system needs to 

correctly recognize the target position of the weld in the field of view to realize 

automatic guidance and subsequent inspection operations. In actual working 

conditions, the welding seam is often located on the surface of the weldment. The 
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welding robot with visual sensing function needs to approach the welding seam target 

from all directions. At the same time, because the welding seam has different 

structures such as lap joints, corner joints, and butt joints, Therefore, the collected 

weld target image sets include frontal straight lines, angles, overlaps and other 

different types. For this type of weld, the use of traditional image algorithms requires 

the use of various feature extraction algorithms to identify the weld target, which is 

poor in versatility and applicability to complex environments. 

In recent years, deep learning methods based on big data samples have brought new 

breakthroughs to the recognition of complex targets. The convolutional neural network 

(CNN) used by LeCun et al.[6] can automatically extract features during the learning 

and training process. , Which is different from the traditional mode of first extracting 

features and then performing neural network training. Although the training time is 

increased, the cumbersome feature extraction is eliminated, so that CNN has been 

widely used in engineering[7-8]. This paper proposes an improved Faster R-CNN 

algorithm to deal with the problem of industrial weld target recognition in complex 

environments. Secondly, the pre-trained Faster R-CNN algorithm is used to detect 

welds, and then test the effect of the VGG16[9] network and ResNet58 network 

architecture on the performance of the weld position recognition algorithm. 

 

2. Design of Weld Target Recognition Method 

2.1 Data Set 

The survey found that no public data set has been found in the research on welding 

seam recognition under actual complex working conditions, so the data sets used in 

this article are all captured by on-site industrial cameras. According to the needs of 

corner joints, lap joints and fill light, and no fill light, a total of 1,000 welds composed 

of workpieces of different shapes were collected on-site, all of which were collected 

by the MV-GE500C-T-CL industrial camera, ensuring the quality of the weld image and 

clarity. The collected data set contains welds under different working conditions at 

different time periods. The image size is 2592 x 1944, and the format is JPG. In order 

to ensure the reliability of the category label[10], all weld types are pre-screened and 

processed. 

2.2 Data Set Division 

Use LabelImg software modified according to requirements to manually label all weld 

images, make the data set into HF_voc data format, rename and sort the sample 

images, and write the corresponding code according to the generated XML file to 

generate the training set, validation set and test set. 

1) Training set 

The training set refers to the data images used in the process of model training[11]. 
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The training set plays a role in fitting the initialization model and optimizing parameters. 

This paper uses the 5-fold cross-validation method to test the accuracy of the 

algorithm. Take 10,000 weld images as the input of the model and divide them into 

six equal parts, and then take turns using five of them as the weld position recognition 

training data set, and the other as the test set to test the model, as shown in Figure 

1. Each training and test experiment in the training will get the corresponding correct 

rate, and finally the five correct rate results are averaged to calculate the accuracy of 

the algorithm. Therefore, the actual training set used accounts for four-fifths of the 

total data set. 

2) Validation set 

The verification set refers to the state and convergence of the model after completing 

each Epoch[12]. It does not participate in the gradient descent process, but only adjusts 

the number of iterations and learning rate and other hyperparameters, so it does not 

ultimately participate in the determination of learning parameters. The validation set 

determines which set of hyperparameters has the best performance based on the 

performance of the five sets of models and is adopted. At the same time, the validation 

set can be used to monitor whether the model is fitted during the training process to 

determine the time when the training stops. It can be seen from Figure 1 that one 

sample is randomly selected from the training data set as the verification set, and the 

remaining four copies are used as the training set to record the accuracy rate. It loops 

in turn until the validation set has been done for each copy of the training data set, 

and the cross-validation process ends. After statistically calculating the precision 

average value for 5 times, a set of models with the highest accuracy are retained, and 

the hyperparameters of the final model are located with the hyperparameters of the 

model. 

Training data set

Fold1 Fold2 Fold3 Fold4 Fold5

Test data set

Test data set
 

Fig. 1 Division of Data Sets 

3) Test set 

The test set refers to the data set on which the optimal model is obtained after 

complete training to test the model. There are a total of 1667 weld images in the test 

set in this paper. Through testing and determining the accuracy of model identification 

and detection, it further verifies its generalization ability and ensures the correctness 

and effectiveness of the model in practical applications in the future[13]. 
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2.3 Recognition Method of Weld Position 

This paper studies and discusses the applicability of using object detection CNN 

features for the task of welding seam position recognition. The Faster R-CNN network 

is selected as the experimental training model and used for feature extraction at global 

and local scales. First, as shown in Figure 2, the Faster R-CNN algorithm uses a 

convolutional neural network to extract the input weld image feature map, and then 

the feature map is sent to the Faster R-CNN network and the regional feature network 

through the shared convolution layer. On the one hand, input the feature map into the 

region suggestion network, let it pass through a sliding window to generate a feature 

vector, and connect it to the following fully connected layer, and then classify the 

feature map and regress to generate region suggestions; on the other hand, extract 

the feature map through the convolutional network, and then send the region 

suggestion and the feature map to the region of interest (ROI Pooling) to fix it to a 

specific size, and then classify and regress it through the defined loss function . 

Generate predicted coordinate values to get the target detection frame[14]. 

 

Fig. 2 Algorithm Framework of Faster R-CNN 

As shown in Figure 3, the training strategy proposed in this paper is to first initialize 

the model with ImageNet so that it can independently train a region proposal network 

(RPN) using the weld data set. Initialize the model with the ImageNet model, and use 

the training results as input to train the Faster R-CNN network, and set the parameters 

of each layer of the RPN network and the Faster R-CNN network to be closed and not 

shared. Then initialize the obtained network parameters into a new area proposal 

network (RPN2). Set the Learning Rate parameter to 0 to limit the shared convolutional 

layer from no longer being updated, and only update the unique network layer in the 

region proposal network, and then train the model. At this time, the two networks are 
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set to share all common convolutional layers and fixed. Finally, the network unique to 

Faster R-CNN is also added to form an independent unified network. 

First Step

Second Step

Fourth Step

Third Step

ImageNet Model

ImageNet Model

RPN

Faster R-CNN

RPN2

RPN + Faster R-CNN

Initial 

Training

Initialization

 

Fig. 3 Faster R-CNN training strategy 

The full convolutional network to implement the algorithm is the core of the regional 

proposal network, and the specific network structure is shown in Figure 4. In the 

region proposal network structure, the sliding window performs convolution operation 

on the weld image feature map to generate n-dimensional feature vectors, and these 

feature vectors are input to the regression layer and the classification layer respectively. 

Each time the sliding window slides, m regional suggestions are predicted, and the 

regression layer needs to predict the width, height, and center coordinates of the 

bounding box, so the regression layer needs to output 4m coordinates including 

Proposal's width W, height H, and center point coordinates (X, Y). The classification 

layer plays a role in distinguishing whether the proposed frame is the foreground or 

the background probability, and predicts a total of 2m scores, where the classification 

results include foreground and background[15]. 

2m confidence score 4m coordinate offset

256-dimensional

Classification layer Regression layer

Middle layer

Convolution feature map
Sliding window

M anchor

(Reference frame)

 

Fig. 4 Region Proposal Network 
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The Faster R-CNN regional proposal network RPN adopts multi-task simultaneous 

learning, and the task of positioning the position of the weld in the image and the task 

of identifying the weld category are performed simultaneously. In the process of 

training the RPN network, a binary label is assigned to each label. The positive label 

is assigned to the box with the largest IOU (Intersection over-Union) value and the 

IOU candidate box with a ratio greater than 0.7, and the negative label is assigned to 

the IOU candidate box less than 0.3. The loss function of the weld image is defined 

as the formula (1) and (2). 
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Among them, i  represents the index of the i th detection candidate frame in the weld 

image processing, ip represents the probability that the i th  candidate frame will be 

the predicted target, if i  is the target detection frame, the
*

ip  tag is 1, otherwise it is 

0.  , , ,i x y w ht t t t t is a coordinate vector, which is used to represent the coordinates of 

the candidate prediction frame.
*

it  is the coordinate vector of the real target frame, 

and the definition is as follows. 
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Where ( , )x y  is the center point coordinates of the prediction frame; ( , )a ax y  is the 

center point coordinates of the candidate detection frame; 
* *( , )x y is the center 

coordinates of the real target frame, w  and h  are the width and height of the 

prediction frame respectively. This algorithm is dedicated to finding a function mapping 

relationship to map the original prediction box to the real detection box so that the 

detection effect is closer to the regression box of the real box. 

The loss function definition of weld image recognition is shown in formula (5). 
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* * *( , ) log (1 )(1 )cls i i i i i iL p p p p p p                              (5) 

The loss function of the weld image regression is defined as equation (6). 
* *( , ) ( , )reg i i i iL t t R t t                                      (6) 

Among them is the robust loss function defined by equation (7). 
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This paper divides the regional proposal network into two branches, and the upper 

network branch obtains the foreground and the background through anchors. The 

following network branch is used to calculate the offset for the anchor bounding box 

regression to obtain an accurate target candidate area. 

2.4 Network Model Design 

1) Network structure 

This article is based on the existing Faster R-CNN detection model to improve, aiming 

at the complex background of the target weld and the low image resolution, the 

original VGG16 network is replaced with a deeper network and a smaller computational 

ResNet58 model to obtain richer features. After optimizing the model algorithm, this 

article uses 3 3 3 convolution kernels to replace the original7 7 convolution kernel, 

and 2 3 3 convolution kernels to replace the5 5 convolution kernel, this principle is 

based on multiple non-linear layers to deepen the network depth, achieve learning 

complex models, with low cost and few parameters, and to a certain extent improve 

the experimental effect of welding seam position recognition and detection. As shown 

in Figure 5, VGG16 contains 16 hidden layers, including 13 convolutional layers and 3 

fully connected layers. 

 

Fig. 5 Network Architecture of VGG16 

This paper proposes to use the residual module when training a deeper network 
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architecture, mainly using 3 3 convolution, and the jump connection channel is 

realized by the internal residual module, which can alleviate the problem of gradient 

disappearance caused by increasing depth in the VGG16 network. Figure 6 is the 

residual network model, X is the input, ( )F x is the residual mapping, andRe Lu is the 

activation function of the residual algorithm. At the same time, in order to reduce the 

training error, this paper uses ResNet with a depth of 58 layers, which has deeper 

features, fewer parameters, and higher detection accuracy than VGG16. 

Weight layer

X

F(x)

F(x)+x

Relu activation function

X identity
Weight layer

Relu activation function

+

 

Fig. 6 Residual block structure diagram of ResNet 

In summary, the improvement proposed in this paper is to increase the number of 

layers of the original network model to achieve accurate classification, reduce 

information loss, and avoid gradient explosion. At the same time, the non-maximum 

suppression algorithm is optimized to select the prediction frame more accurately. As 

shown in Figure 7, the improved Faster R-CNN algorithm has more optimized 

performance. The deep learning framework used in this article is PyTorch, and two 

network structures of VGG16 and ResNet58 are used to adjust the parameters on the 

data set, and the optimized results are selected to form an improved algorithm model 

after comparison. 

VGG16

Original image

Feature map

Classifier

Candidate area
NMS

ResNet 58

Original image

Feature map

Classifier

Candidate area
NMS

 

Fig. 7 Faster R-CNN model structure and improved model design of Faster R-CNN 
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3. Experimental Results and Analysis 

In this section, the improved Faster R-CNN model is selected and the weld seam 

dataset is pre-trained. For model adjustments and improved algorithms, experimental 

comparisons are performed to test the performance of the algorithms. In order to 

achieve the end-to-end training of the entire algorithm network, the model training 

here adopts the approximate joint training method of Faster R-CNN and the region 

proposal network[16]. 

Mean average precision (mAP) is the most important accuracy evaluation index in 

multi-category target recognition and detection index, and it is the average value of 

individual average accuracy rate[17]. Therefore, this paper adopts the mAP value as 

the evaluation index of weld position identification. The average accuracy of the welds 

under each category is recorded as AP. As shown in Table 1, the accuracy results of 

each classification of welds in the improved Faster R-CNN algorithm are recorded. 

Table 1 Average Precision Comparison of Different Classification Welds Recognition 

Weld classification Accuracy (AP) 

Lap weld 89.72% 

Fillet weld 91.03% 

Lap weld (fill light) 81.33% 

Fillet weld (fill light) 83.35% 

 

1) In the experiment, the different performances of VGG16 and ResNet58 based on 

Faster R-CNN in welding seam position recognition were compared. It can be seen 

from Table 2 that using ResNet58 as the weld location feature extraction network to 

replace the original VGG16 basic feature network, the comprehensive average 

recognition rate has increased by 3.08%, from the original 73.47% to 76.55%. It can 

be seen that ResNet58 performs better than VGG16, consumes less time, and 

improves accuracy. 

2) Compared with other target detection algorithms, the algorithm proposed in this 

article shows that the YOLOv3 algorithm has a great advantage in time consumption. 

The detection time for each picture is reduced to 2.384 seconds, but the accuracy of 

the weld data set can only reach 67.58%, which is still 5.89% lower than the original 

Faster R-CNN algorithm. The SSD algorithm comprehensive recognition rate reached 

74.13% of the mAP value, and the time consumption increased compared to YOLOv3, 

reaching 3.028 seconds. 

3) It can be seen from the data that using ResNet58 instead of the VGG16 network in 

the Faster R-CNN model and using Soft-NMS instead of the original non-maximum 

suppression algorithm has the best results, with a comprehensive recognition rate of 

81.77%. Compared with the YOLOv3 algorithm, it has increased by 14.19% and 
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compared with the traditional Faster R-CNN by 8.30%. This step verifies that the 

combination of the adjusted ResNet network architecture and the Soft-NMS algorithm 

under parameter optimization has a more optimized detection performance, improves 

the accuracy of its classification in the task of welding seam recognition, and reduces 

the error recognition rate. Figure 8 shows the position recognition results of the 

improved Faster R-CNN algorithm in different types of welds. 

Table 2 Results of mAP and time under different models 

Model Time(s) mAP(%) 

Faster R-CNN(VGG16) 5.160 73.47 

Faster R-CNN(ResNet58) 4.887 76.55 

SSD 3.028 74.13 

YOLOv3 2.384 67.58 

Improved algorithm 4.103 81.77 

 

    

Fig.8 The results of improved Faster R-CNN algorithm 

 

4. Conclusion 

1) Aiming at the problem of slow speed and low accuracy of manual identification of 

weld positions in complex industrial situations, this paper conducts further 

experimental analysis and improvement on the convolutional network based on the 

existing deep convolutional neural network model. Proposed to use convolutional 

neural network to deal with the problem of welding seam position recognition, which 

overcomes the tedious problem of manual identification, accurately recognizes the 

welding seam position and outputs coordinate information. 

2) At the same time, the influence of the VGG16 network architecture and ResNet58 

network on the performance of the weld position recognition algorithm, an optimized 

network structure is proposed to improve the speed and accuracy of weld recognition; 

Compared with the traditional Faster R-CNN algorithm, the improved algorithm 

proposed in this paper has an average accuracy improvement of 8.30%, a 

comprehensive recognition accuracy rate of 81.77%, and a reduction in image 

processing time. 

Experimental results show that the use of cascaded deep convolutional neural 

networks for convolution sharing strategy can simplify neural network training and 
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recognition network testing, so as to save the time just needed by the algorithm[18]. 

In the next step, based on the improvement of the network and training model, we 

will conduct in-depth research on weld defects and weld occlusion problems to further 

improve the accuracy and speed of weld recognition. 
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