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 12 

Abstract: To address the technical bottleneck of autonomous vision guidance for the 13 

initial welding position of medium-thickness plate in robot welding, this paper proposes 14 

an initial welding position segmentation method with high accuracy and stability for 15 

medium-thickness plate. This method is developed through the integration of the 16 

Bottleneck Transformer (BoT) with YOLOv8, resulting in a novel framework termed., 17 

termed as BoT-YOLOv8. To optimize the filtration of redundant information in the image 18 

and enhance the model's ability to represent features, the Bottleneck Transformer (BoT) 19 

is incorporated following the final bottleneck layer within the residual module of the 20 

YOLOv8 neck structure.Subsequently, to capture multi-scale information of the target, 21 

atrous convolution is integrated into the spatial pyramid pooling structure, to establish 22 

connections between the backbone and the neck of this model. Furthermore, to enhance 23 

the learning of welding position characteristics for the robotic welding system, the Hue-24 

Saturation-Value (HSV) color space region segmentation method is employed to post-25 

process the weld seam features. Finally, ablation experiments are conducted on the self-26 

created weld dataset. The results demonstrate that the proposed method achieves a trade-27 

off between detection accuracy (93.1% 𝑚𝐴𝑃0.5) and detection speed (26.5 𝐹𝑃𝑆) on a 28 

12GB NVIDIA GeForce RTX 3060 GPU. In addition, compared with the existing 29 

methods, the presented method exhibits stronger anti-interference capability. 30 

Keywords： Robot welding；Medium-thickness plate；Initial weld position segmentation；31 
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YOLOv8；Bottleneck Transformer  32 

1. Introduction 33 

Due to the high repeatability and capability to operate in  harsh environment, 34 

welding robots have gained increasing popularity in welding tasks. However, when 35 

dealing with medium-thickness plates, commonly found in large construction machinery, 36 

energy equipment, and steel structures, welding robots still encounter challenges. Due to 37 

the complexity introduced by the characteristics of medium-thickness plates, including 38 

their large volume, irregular weld seams and three-dimensional distribution, welding 39 

robots struggle to autonomously use vision guidance to accurately locate the initial weld 40 

position. Nowadays, manual welding still dominates welding tasks for medium-thickness 41 

plates in actual production and manufacturing as shown in Fig. 1, resulting in challenges 42 

such as high costs, low efficiency, and inconsistent weld quality. To effectively overcome 43 

the automation challenges faced by welding robots, it is crucial to address autonomous 44 

path planning in medium-thickness plate welding scenarios. This requires in-depth 45 

investigation of key enablers, such as feature extraction technology to accurately 46 

determine the initial weld seam position. 47 

 48 

Fig. 1 Medium-thickness plate welding site 49 

In recent decades, researchers have proposed various solutions to tackle the technical 50 

challenges of automatic welding, mainly focusing on two key approaches: active vision 51 



 

3 

 

and passive vision.  52 

In the field of active vision research, line-structured light sensors have been widely 53 

adopted for their robustness and high accuracy. They have been employed for various 54 

tasks, such as initial welding position recognition, parameter extraction, welding tracking 55 

and welding pool monitoring [1, 2]. Liu et al. [3] reported an automatic extraction 56 

algorithm based on dynamic programming to identify laser inflection points, which can 57 

facilitate welding robots to determine the initial position of fillet welds. Wang et al. [4] 58 

proposed a weld recognition method that utilized structured light and worked even under 59 

challenging noisy conditions. Employing NURBS-snake model to extract the laser 60 

centerline of the weld, this method generated a dynamic region of interest. Li et al. [5] 61 

used the welding edge point detection operator and the IPCE algorithm to identify 62 

multiple types of welds, such as zigzag groove butt welds, V-groove butt welds, single 63 

groove butt welds, and lap welds. While welding recognition methods using line-64 

structured light sensors offer strong anti-interference capabilities, they still suffer from 65 

low recognition efficiency for medium-thickness plates where a huge surface are to be 66 

recognized. Firstly, the line-structured light sensor can only obtain partial 3D information 67 

such as a single line or a column of the target object at a time. For 3D information of the 68 

entire workpiece area, motion scanning or scanning from different viewpoints are 69 

required, thus resulting in a relatively slow information acquisition speed. In addition, a 70 

consistent velocity between the target object and the measuring instrument must be 71 

maintained during the scanning process; otherwise, shape distortion may occur and 72 

negatively impact imaging quality.   73 

In the field of passive vision research, the combination of deep learning and welding 74 

robot perception technology has emerged as a promising direction. Recent research has 75 

increasingly focused on the application of reinforcement learning and self-supervised 76 

learning techniques to tackle challenges in weld feature recognition and path tracking [6, 77 

7, 8]. These approaches have demonstrated significant potential in enhancing the 78 

performance of welding robots, particularly in weld feature recognition and path tracking 79 
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tasks. To further improve the efficiency of automated welding, some researchers have 80 

employed laser sensors to capture weld images. The welding robots were subsequently 81 

trained using reinforcement learning and self-supervised learning techniques on the 82 

collected image data, enabling accurate weld feature recognition and extraction [9, 10, 83 

11]. Another group of researchers developed a weld feature extraction model using 3D 84 

point cloud methods to facilitate path planning and orientation planning for welding 85 

robots [12, 13, 14]. Furthermore, some researchers employed convolutional neural 86 

networks (CNNs) to enable the identification of weld types and the detection of initial 87 

welding points [15, 16]. Although the weld recognition technology combining deep 88 

learning and passive vision has improved the efficiency of automatic welding, the weld 89 

types that can be identified in the above literature are relatively limited. Consequently, 90 

the applicability of these methods is highly constrained when dealing with medium-91 

thickness plate welds featuring complex structures such as irregular weld seams and 92 

three-dimensional distribution. 93 

 Meanwhile, deep learning-based image segmentation has emerged as a prominent 94 

research focus in the field of automated welding. Several researchers have begun applying 95 

this technology to extract features from medium-thickness plate welds. For example, 96 

Oskar et al. [17] created an improved UNet method for solder joint segmentation of iron 97 

bars. Chen et al. [18] designed a lightweight DeepLabv3+ semantic segmentation network 98 

to segment weld images. Zou et al. [19] utilized the SOLOv2 model and replaced the 99 

backbone network of the original model with the ShuflleNetv2 network to enhance the 100 

speed of weld feature extraction. Wu et al. [20] combined semantic segmentation 101 

techniques and edge detection techniques to design a real-time segmentation network for 102 

automatic welding of medium-thickness plate. These methods consider both the accuracy 103 

and efficiency of automated welding for medium-thickness plates, offering a theoretical 104 

foundation and methodological reference for our research. 105 

In summary, the application of current theoretical approaches and technical solutions 106 

for autonomous vision guidance in initial weld positioning for medium-thickness plate 107 



 

5 

 

robotic welding faces several challenges. 108 

(1) Robotic vision guidance for medium-thickness plate workpieces relies heavily 109 

on complex teaching-playback and offline programming methods, which do not meet the 110 

automation standards required for medium-thickness plate welding.  111 

(2) Most research [XXXX] focuses on weld feature extraction for workpieces with 112 

simple structures, leaving a significant gap in feature extraction for more complex weld 113 

types, such as medium-thickness plate workpieces. 114 

(3) To the best of the authours knowledge, no existing methodology has successfully 115 

attained an optimal equilibrium between efficiency and precision in the domain of initial 116 

weld position feature extraction for medium-thickness plate workpieces. 117 

To address the aforementioned challenges and facilitate the extraction of the initial 118 

weld position features in medium-thickness plate workpieces, this paper proposes an 119 

initial welding position segmentation method with high accuracy and stability for 120 

medium-thickness plate. The main contributions of this paper are as follows. 121 

(1) By designing a new gradient shunt module C2f_Bottleneck_BoT and utilizing 122 

atrous convolution as the model of spatial pyramid pooling structure, a novel method 123 

based on an improved version of YOLOv8 is presented to segment and extract the features 124 

of initial weld position on medium-thickness plate.  125 

(2) In order to obtain the initial weld position information, the HSV region 126 

segmentation method is utilized to postprocess the predicted images by the presented 127 

model. As a result, the initial weld feature image is transformed into a binary image. 128 

(3) A weld seam image dataset of medium-thickness plate is produced for training 129 

BoT-YOLOv8, and the evaluation indicators are established to measure the performance 130 

of the model. Furthermore, the effectiveness and superiority of the proposed method are 131 

verified by ablation experiment on the weld seam image dataset. 132 

The methodology introduced in this paper is primarily designed for robotic 133 

perception challenges of the medium-thickness plate’s weldable area, thereby establishing 134 

a theoretical framework for initial weld position feature extraction in medium-thickness 135 
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plate welding applications. Furthermore, this method serves as a technical reference for 136 

the extraction of initial weld position feature in complex medium-thickness plate 137 

configurations. It has the potential to significantly curtail the time expenditure associated 138 

with the robotic vision guidance of medium-thickness plate workpieces prior to robotic 139 

welding, consequently enhancing the efficiency of industrial manufacturing processes. 140 

The rest of this paper is organized as follows. In Section 2, research work related to 141 

this paper is summarized. Section 3 provides a detailed introduction to the proposed 142 

method. Section 4 introduces experimental process and analysis of comparative results, 143 

following which Section 5 gives the main summaries of this article. 144 

2. Theoretical Background 145 

YOLOv8 is an advanced one-stage object detection algorithm, first introduced by 146 

the Ultralytics team. It has emerged as the state-of-the-art (SOTA) model for object 147 

detection with the advantages of lightweight and high accuracy. The network structure of 148 

YOLOv8 is shown in Fig. 2. 149 

 150 

Fig. 2. YOLOv8 network structure 151 

Fig. 2 illustrates that the YOLOv8 network consists of four parts: Backbone, Neck, 152 

Head and Prediction layer. The Backbone of YOLOv8 still follows the design idea of 153 

CSPDarknet gradient shunt. The advantage of CSPDarknet is to improve the learning 154 

ability of the network and reduce the amount of calculation of the network without loss 155 

of accuracy, thus improving the inference speed. The Backbone contains five feature 156 

clusters, the first feature cluster P1 is a 3×3 convolution, and the feature clusters P2 to P5 157 
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have the same structure, which is composed of a 3×3 convolution layer and a C2f module. 158 

The structure of C2f is shown in Fig. 3. 159 

 160 

Fig. 3. Structure of C2f 161 

It can be seen from Fig. 3 that the overall structure of C2f and C3 is similar, and both 162 

adopt the design idea of CSPNet gradient shunt as well as residual structure. The main 163 

difference between C2f and C3 lies in the connection pattern. In C3, a serial connection 164 

is employed for the bottleneck layers, whereas in C2f, a parallel connection is utilized. 165 

This choice is made to achieve a balance between ensuring the lightweight of YOLOv8 166 

and obtaining more comprehensive gradient flow information simultaneously. 167 

The role of YOLOv8 Neck is to take the different resolution features generated in 168 

the previous step as input and output the features after efficient fusion. The Neck adopts 169 

the structure form of Path Aggregation Feature Pyramid Network (PAFPN). The Path 170 

Aggregation (PA) strategy significantly reduces the number of network layers that the 171 

features of different levels have to traverse during transmission, thereby enhancing the 172 

efficiency of the network. YOLOv8 algorithm adopts Decoupled Head structure to predict 173 

classification and regression tasks separately, and accelerates model convergence speed 174 

and detection accuracy by head decoupling.  175 

The Loss function of YOLOv8 includes category classification and border 176 

regression. The Binary Cross-Entropy Loss function (BCE) is used for category 177 

classification loss, and the border regression loss is composed of Complete Intersection 178 
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Over Union Loss (CIOU) and Distribution Focal Loss (DFL). The specific calculation 179 

process is as follows. 180 

 181 

Fig. 4. Predicted box and ground truth box 182 

In Fig. 4, 𝐵, 𝐵𝑔𝑡 represent the center points of the predicted and ground truth boxes, 183 

respectively, and 𝜀  is the Euclidean distance between these two center points. 𝑤, ℎ 184 

represent the width and height of the minimum closure region of the predicted and ground 185 

truth boxes, respectively, and 𝑐 represents the diagonal distance of the minimum closure 186 

region between the predicted and ground truth boxes. 187 

{
 
 
 
 
 
 

 
 
 
 
 
 𝐼𝑂𝑈 =

𝐵 ∩ 𝐵𝑔𝑡

𝐵 ∪ 𝐵𝑔𝑡

𝐿𝑜𝑠𝑠 = 𝐿(𝑐𝑙𝑠) + 𝐿(𝑟𝑒𝑔)

𝐿(𝑟𝑒𝑔) = 𝐿(𝐶𝐼𝑂𝑈) + 𝐿(𝐷𝐹𝐿)

𝐿(𝐶𝐼𝑂𝑈) = 𝐼𝑂𝑈 − (
𝜀2(𝐵, 𝐵𝑔𝑡)

𝑐2
− 𝛼𝑣)

𝐿(𝑐𝑙𝑠) = −
1

𝑛
∑[𝑦𝜆 ∗ log(𝑝𝜆) + (1 − 𝑦𝜆) ∗ log(1 − 𝑦𝜆)]

𝜆

𝑣 =
4

𝜋2
(𝑎𝑟𝑐𝑡𝑎𝑛

𝑤𝑔𝑡

ℎ𝑔𝑡
− 𝑎𝑟𝑐𝑡𝑎𝑛

𝑤

ℎ
) , 𝛼 =

𝑣

(1 − 𝐼𝑂𝑈) + 𝑣

𝐷𝐹𝐿(𝜒𝜃, 𝜒𝜃+1) = −((𝜓𝜃+1 − 𝜓) log(𝜒𝜃) + (𝜓 − 𝜓𝜃) log(𝜒𝜃+1))

 (1) 188 

Where 𝑦𝜆 is the label of 𝜆 (positive sample is 1, the negative sample is 0), 𝑝𝜆 is the 189 

probability that the prediction is positive, and 𝑛  is the number of classes. 𝛼  is the 190 

weight coefficient, and 𝑣  is used to measure the aspect ratio similarity between the 191 

predicted box and the ground truth box. The idea of 𝐷𝐹𝐿 is to transform the regression 192 

problem into a classification problem for solving, so the calculation idea of 𝐷𝐹𝐿 is still 193 

the cross-entropy function. Accordingly, 𝜓𝜃, 𝜓𝜃+1 represent the sample 𝜃, 𝜃 + 1 label 194 
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(positive sample is 1, the negative sample is 0), 𝜒𝜃, 𝜒𝜃+1 represent the sample 𝜃, 𝜃 + 1 195 

to predict the probability of positive samples. 196 

Moreover, YOLOv8 adopts the Task-Aligned Assigner dynamic allocation strategy 197 

for positive and negative samples. This strategy helps in efficiently allocating samples to 198 

the classification and regression tasks based on their relevance and contribution to the 199 

overall objective. For the classification prediction score and regression prediction score 200 

of all pixels, the K largest positive samples are selected by sorting the weighted scores. 201 

The Task-Aligned Assigner policy is weighted as follows: 202 

𝜏 = 𝑠𝑚 + 𝑢𝑛 (2) 203 

Where, 𝑠 represents the classification prediction score of all pixels, 𝑢 represents the 204 

regression score between the predicted box and the true box of all pixels, 𝑚 and 𝑛 are 205 

the weight hyperparameters, and 𝜏 is the weighting coefficient.  206 

In summary, in view of the excellent detection performance of YOLOv8, this paper 207 

uses the YOLOv8 algorithm to build the instance segmentation model of the initial weld 208 

position of medium-thickness plate. 209 

3. Methods 210 

3.1 System framework 211 

The BoT-YOLOv8 based instance segmentation system for medium-thickness plate 212 

initial weld position includes seven parts: data acquisition, preprocessing, model training, 213 

model evaluation, image prediction, postprocess and modifying weights. The specific 214 

process is shown in Fig. 5.  215 
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 216 

Fig. 5. Process of medium-thickness plate initial weld position segmentation system 217 

The specific implementation process of the system is as follows. 218 

(1) Weld seam data are collected by a depth camera mounted near the welding gun 219 

of the welding robot. 220 

(2) Preprocessing operations such as normalization and data augmentation are 221 

performed on the collected data. 222 

(3) The preprocessed images are fed into the model for self-supervised learning. 223 

(4) The model evaluation index is established for error analysis between training 224 

results and validation results. 225 

(5) The trained weight file is used to segment and predict the test image, and the 226 

initial welding position features are extracted. 227 

(6) The HSV color space region segmentation method is utilized to do 228 

postprocessing operation on the mask image segmented in the prediction step, and the 229 

final output is the initial weld position mask binary image of medium-thickness plate. 230 

(7) Adjust the weights of the predicted bounding boxes based on any discrepancies 231 

or calibration issues observed during evaluation. This step ensures better alignment 232 

between the predicted positions and the ground truth positions. 233 

Through the above steps, a system closed loop is formed.  234 
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3.2 Optimization strategy 235 

Intending to enhance the performance of the model, two optimization strategies are 236 

employed after establishing the basic segmentation model for the initial weld position of 237 

medium-thickness plate. The specific optimization strategies are as follows.  238 

(1) A new module is obtained by fusing Bottleneck Transformer into C2f and named 239 

it C2f_Bottleneck_BoT. In addition, the C2f_Bottleneck_BoT module is used to replace 240 

all C2f modules in YOLOv8 neck network； 241 

(2) The Atrous Spatial Pyramid Pooling (ASPP) is used as the spatial pyramid 242 

pooling structure connecting the Backbone part and the Neck part. The improved 243 

YOLOv8 model is shown in Fig. 6. 244 

 245 

Fig. 6. BoT-YOLOv8 network structure 246 

3.2.1 C2f_Bottleneck_BoT 247 

Bottleneck Transformer model is first presented by Google. Its core idea is to 248 

incorporate the Self-Attention Mechanism of Transformer model into the bottleneck 249 

structure of ResNet model. We learn from this design idea and integrate Transformer 250 

Block into the bottleneck layer of C2f to obtain the C2f_Bottleneck_BoT module. This 251 

integration enhances the local feature extraction ability and global information capture 252 

ability of the initial weld position segmentation model of medium-thickness plate. The 253 
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C2f_Bottleneck_BoT module is implemented as follows. 254 

 255 

Fig. 7. C2f_Bottleneck_BoT structure 256 

Fig. 7 shows that the Multi-Head Self-Attention (MHSA) mechanism is the core 257 

module in the BoT structure. Compared with the Self-Attention (SA) mechanism, the 258 

MHSA adopts the design idea of divide and conquer and dimensionality elevation of 259 

target information. By leveraging the parallelism capabilities of graphics cards and 260 

employing a space-time tradeoff approach, the MHSA are able to achieve superior model 261 

performance. Therefore, Bottleneck Transformer is able to maximize the utilization of 262 

graphics card resources and optimize the tradeoff between space complexity and time 263 

complexity, resulting in improved overall model performance. The structure of MHSA is 264 

shown in Fig. 8. 265 
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 266 

Fig. 8. Schematic diagram of SA and MHSA structures  267 

According to Fig. 8, MHSA generates multiple output sequences from the input 268 

sequence through the multi-head mechanism on the basis of SA, and then integrates these 269 

output sequences to obtain a new output sequence. The specific calculation process is as 270 

follows: 271 

{
 
 

 
 
𝑄 = 𝑊𝑞𝑥, 𝐾 = 𝑊𝑘𝑥, 𝑉 = 𝑊𝑣𝑥

𝜎̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑇𝐾

√𝑑𝐾
)  

𝑧 = 𝜎̂𝑇𝑉 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝐾
)𝑉

(3) 272 

Where 𝑥, 𝑧 represent the input and output respectively, 𝑄 is the query, 𝐾 is the index, 273 

𝑉 is the content, and 𝜎̂ represents the attention matrix. The whole computation process 274 

of SA is equivalent to generating the attention matrix 𝜎̂ by weighted summation of the 275 

input sequence 𝑥 and then obtaining the output sequence 𝑧.  276 

SA takes the previously calculated 𝑄,𝐾, 𝑉 as a whole as a Head input to the next 277 

layer, while MHSA needs multiple groups of 𝑊𝑞 ,𝑊𝑘, 𝑊𝑣 multiplied with the input 𝑥 278 

to obtain multiple groups of 𝑄,𝐾, 𝑉.  279 

As shown in Fig. 8, take the diagram on the right as an example, the input sequence 280 

𝑎1 obtains three output vectors 𝑏ℎ𝑒𝑎𝑑
1 , 𝑏ℎ𝑒𝑎𝑑

2 , 𝑏ℎ𝑒𝑎𝑑
3  through the multi-head mechanism 281 

(ℎ𝑒𝑎𝑑 = 3 ). Furthermore, the output sequence 𝑏1  is obtained by concatenation and 282 

softmax

1
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linear transformation. The calculation process as follows: 283 

{
  
 

  
 

𝑄𝑖 = 𝑊
𝑞𝑖𝑎1, 𝐾𝑖 = 𝑊𝑘𝑖𝑎1, 𝑉𝑖 = 𝑊

𝑣𝑖𝑎1

𝑏ℎ𝑒𝑎𝑑
𝑖 = 𝜎̂𝑇𝑉𝑖 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (

𝑄𝑖𝐾𝑖
𝑇

√𝑑𝐾𝑖
)𝑉𝑖

𝑏1 = 𝐿𝑖𝑛𝑒𝑎𝑟 (𝐶𝑜𝑛𝑐𝑎𝑡(𝑏ℎ𝑒𝑎𝑑
1 ,  𝑏ℎ𝑒𝑎𝑑

2 ,  𝑏ℎ𝑒𝑎𝑑
3 ))

𝑖 = 1, 2, 3

 (4) 284 

Where 𝐶𝑜𝑛𝑐𝑎𝑡  denotes the concatenation operation and 𝐿𝑖𝑛𝑒𝑎𝑟  denotes the linear 285 

transformation. 286 

3.2.2 Atrous Spatial Pyramid Pooling (ASPP) 287 

Since the weight matrix of the fully connected layer in the traditional CNN is fixed, 288 

the size of the image output of the pooling layer must be consistent, otherwise the network 289 

will not be able to train. To address this issue, researchers utilize stretching or cropping 290 

to ensure that the size of the output image of the pooling layer is consistent. However, 291 

stretching operation or cropping operation will cause image information loss and image 292 

distortion. Hence, relevant scholars have proposed pyramid pooling structure to solve the 293 

previous problem by using the multi-scale information of the image. The pyramid pooling 294 

in YOLOv8 model adopts the Spatial Pyramid Pooling Fast (SPPF) structure.  295 

During the training of the image instance segmentation task of the initial weld 296 

position of medium-thickness plate, there is a phenomenon: "the average accuracy of the 297 

pyramid pooling layer with the atrous convolution structure is higher than that of the 298 

SPPF structure. Consequently, this paper selects ASPP structure as the improved pyramid 299 

pooling layer of our model. The ASPP structure enhance the model’s ability to capture 300 

multi-scale target information. The structure of ASPP is shown in Fig. 9. 301 

 302 
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 303 

Fig. 9. Schematic representation of ASPP structure  304 

Fig. 9 shows that for an image input of a given size, the ASPP module uses atrous 305 

convolution with different sampling rates to sample the input image. After that, the output 306 

results of each dilated convolution are spliced end to end, and the number of channels of 307 

the image is expanded. Finally, the number of channels is reduced by 1×1 convolution to 308 

output the image. 309 

With the aim of verify the feasibility and effectiveness of the above two optimization 310 

strategies, this paper conduct ablation experiments on the self-made weld data set. The 311 

results show that the improved model achieves better performance with a little more 312 

parameters and calculation. 313 

3.3 Postprocess 314 

Aiming to obtain the mask binary image of the initial weld position characteristics 315 

of medium-thickness plate, the HSV space region segmentation method is adopted to 316 

postprocess the weld mask image generated by the model prediction. The first step is to 317 

determine the color value interval of the weld seam mask using the H component 318 

histogram. The distribution of H component histogram is shown in Fig. 10. 319 
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 320 

Fig. 10. Distribution of H component histogram  321 

Based on Fig. 10, it can be observed that majority of the color channels H 322 

components in the weld seam mask are distributed between 0 and 25. Utilizing this 323 

information, the value range of H component is set to 0~25, and fine-tune the S 324 

component and V component. After that, the mask binary image of the initial weld 325 

position characteristics of medium-thickness plate is generated according to the HSV 326 

components threshold values. Finally, to address the noise in the generated masked binary 327 

image, the processing methods of erosion and dilation are utilized to denoise the masked 328 

binary image. This postprocess step helps refine the accuracy of the segmentation by 329 

effectively filtering out unwanted colors and focusing on the desired features. The 330 

postprocess results are shown in Fig. 11. 331 

               332 

(a) mask image                         (b) binary image 333 
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               334 

(c) eroded image                        (d) dilated image  335 

Fig. 11. Postprocess of the mask image  336 

According to Fig. 11, compared with the original mask image, the postprocessed 337 

mask binary image can more clearly expressed the characteristics of the target object. 338 

This step is crucial for the subsequent analysis of medium-thickness plate weld seam 339 

features and the task of autonomous path planning for welding robots. 340 

3.4 Evaluation indicators 341 

This work uses four indicators: 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝑟𝑒𝑐𝑎𝑙𝑙, mean Average Precision (𝑚𝐴𝑃) 342 

and frames per second (𝐹𝑃𝑆) to evaluate the performance of the model. The evaluation 343 

indicators of the proposed model are calculated based on the confusion matrix, as depict 344 

in Fig. 12. 345 

   346 

Fig. 12. Diagram of the confusion matrix 347 

Where, 𝑇𝑃, 𝐹𝑃 denote the number of positive samples that are correctly and incorrectly 348 

classified, respectively. 𝑇𝑁, 𝐹𝑁  represent the number of negative samples that are 349 

correctly and incorrectly classified, individually.  350 
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The calculation formula of the evaluation indicators of the model are as follows: 351 

{
 
 
 
 

 
 
 
 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

𝑚𝐴𝑃 =
1

𝑛
𝐴𝑃 =

1

𝑛
∑𝑝(𝑖)∆𝑟(𝑖)

𝑛

𝑖=1

=
1

𝑛
∫ 𝑝(𝑟)𝑑𝑟
1

0

𝐹𝑃𝑆 =
1000𝑚𝑠

𝑆𝑖𝑛𝑔𝑙𝑒 𝑖𝑚𝑎𝑔𝑒 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑡𝑖𝑚𝑒

 (5) 352 

Where 𝐴𝑃 is the area enclosed by the P-R curve and X and Y axis, 𝑛 is the number of 353 

detected classes (there is only one sample class in this article, and 𝑛 = 1 here), 𝑝 is 354 

precision, and 𝑟 is recall.  355 

As a result, 𝑚𝐴𝑃0.5 represents the mean average precision of the models when the 356 

threshold of 𝐼𝑂𝑈 was taken as 0.5. 357 

4. Experiment and results  358 

4.1 Data preparation 359 

Intending to capture images of the initial weld position of medium-thickness plate 360 

workpiece, two 6-DOF Fanuc M-10iD/8L welding robots along with a depth camera are 361 

used for data acquisition. The specific implementation process is as follows. 362 

 363 

Fig. 13. Data acquisition equipment  364 
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Fig. 13 illustrates that the data acquisition in this paper involves the cooperation of 365 

four components: welding robot, depth camera, guide rail and gantry truss. During the 366 

data acquisition process, the gantry truss mounted on the guide rail moves in the X 367 

direction to help the manipulator scan the entire workpiece area. In the process of 368 

scanning, the workpiece is taken by the depth camera at different distances and angles.  369 

To ensure the representativeness of the experimental results, the acquisition of image 370 

data is guided by the following principles. The dataset primarily includes images of the 371 

baffles and frames of engineering special vehicles, along with images for steel structures. 372 

These images depicting intricate weld types within the welding environments of medium-373 

thickness plate workpieces. As a result, a total of 500 images of medium-thickness 374 

workpiece with complex weld types are collected. Subsequently, the data set is divided 375 

into training set, validation set and test set at a ratio of 8:1:1 according to the coco format, 376 

the Labelme is used to label the training and validation set. 377 

Moreover, in order to solve the problem of sparse images, the Mosaic data 378 

augmentation method is employed to expand and enrich the dataset. The specific 379 

implementation of Mosaic data augmentation is shown in Fig. 14. 380 

 381 

Fig. 14. The results of Mosaic data augmentation 382 

To enhance the BoT-YOLOv8 model's capability to identify target features within a 383 
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confined range, this study employed the data augmentation approach. Initially, reference 384 

points for image stitching were randomly selected. Subsequently, four medium-thickness 385 

plate weld images are resized and normalized, and map the dimensional alterations of 386 

each image onto its corresponding label. The final step involved stitching the images 387 

together, with any detection boxes extending beyond the stitched image boundary being 388 

appropriately cropped. The advantage of this methodology is its capacity to augment the 389 

diversity of the dataset, thereby mitigating issues such as reduced model accuracy 390 

attributable to data scarcity. Furthermore, it enhances the model's robustness and elevates 391 

its detection capabilities for subtle target features, notably the initial weld position of the 392 

medium-thickness plate. 393 

4.2 Model training 394 

To balance computational cost and efficiency, facilitate model deployment in 395 

practical production, and ensure transparency, verifiability, and repeatability, the 396 

hardware configuration and software environment used in this experiment are detailed 397 

below. The experiments in this paper are carried out under the win10 operating system. 398 

The hardware configuration of the industrial computer includes an Intel(R) Core(TM) i5-399 

12400F@ 2.50 GHz CPU, a 12GB NVIDIA GeForce RTX 3060 GPU and a 64GB RAM. 400 

The deep learning environment used in the experiment is configured with Pytorch 1.13, 401 

python3.10, cuda11.7, ultralytics8.0, and Opencv-Python 4.6.  402 

The YOLOv8 model offers five distinct compound scaling constants: YOLOV8n, 403 

YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x. To balance the model's parameter 404 

count and accuracy, YOLOv8s is chosen as the compound scaling constant for the model 405 

training phase. Subsequently, the pre-trained weights and model configurations 406 

associated with YOLOv8s are selected. Furthermore, this paper ensures the learning 407 

velocity and convergence of the model while fully accounting for the computational 408 

efficiency and hardware memory constraints. Table 1 presents the detailed configuration 409 

of the model training parameters. 410 
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Table 1. Model training parameters 411 

Weights Model Epochs Batch-size Image-size 

YOLOv8s-seg.pt YOLOv8s-seg.yaml 200 16 640×640 

Optimizer Learning rate Workers Seed Mask ratio 

SGD 0.01 8 0 4 

To alleviate the video memory usage and enhance the inference velocity of the model, 412 

specific adjustments to the model's hyperparameters are detailed. Before training, the 413 

momentum factor of the model is set to 0.937, the weight decay is set to 0.0005 and the 414 

Automatic Mixed Precision (AMP) training mode is enabled. In addition, to prevent 415 

model overfitting, the training is terminated early if the model still does not improve after 416 

50 epochs. 417 

4.3 Comparison with existing method 418 

4.3.1 Analysis of training results 419 

The Original-YOLOv8 model exhibits limitations in feature extraction for specific 420 

targets, such as the initial weld position of the medium-thickness plate. It also suffers 421 

from slow inference speed and tends to misidentify background features as target features. 422 

In practical production scenarios, these shortcomings can lead to incorrect welding and 423 

improper vision guidance for robotic manipulation of medium-thickness plate workpieces, 424 

potentially resulting in safety hazards such as welding gun collisions. In contrast, the BoT-425 

YOLOv8 model demonstrates enhanced feature extraction capabilities and faster 426 

inference speed for identifying the initial weld position of medium-thickness plate, 427 

thereby improving the accuracy and efficiency of visual guidance for robotic operations. 428 

In order to verify the effectiveness and superiority of the improved model, this paper 429 

conduct ablation experiments on the Original-YOLOv8 and BoT-YOLOv8 respectively 430 

under ensuring the same model training parameters. The training results of both are shown 431 

in Fig. 15 and Fig. 16. 432 
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 433 

(a) Comparison of train/loss functions 434 
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 435 

(b) Comparison of val/loss functions 436 

Fig. 15. The variation trend of loss functions during training 437 
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 438 

Fig. 16. The variation trend of evaluation indicators during training 439 

By comparing the change of the loss function curve during training and validation, 440 

it is obvious that the loss function of the improved model converges faster, and the 441 

convergence effect is better. This indicates that the improved model has stronger learning 442 

ability for the given samples. According to Fig. 16, the precision, recall rate and mean 443 

average precision of the model are significantly improved by fusing the Bottleneck 444 

Transformer and replacing the pyramid pooling structure. The performance parameters 445 

before and after model improvement are shown in Table 2. 446 

Table 2. Performance parameters before and after model improvement 447 

Model 𝑚𝐴𝑃0.5 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠/M 𝐹𝐿𝑂𝑃𝑠/G 𝐹𝑃𝑆 

Original-YOLOv8 87.8% 45.1 42.7 35.2 
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BoT-YOLOv8 93.1% 56.4 48.9 26.5 

It can be seen from Table 2 that compared with the Original-YOLOv8, the mean 448 

average precision (𝑚𝐴𝑃0.5) of BoT-YOLOv8 is increased by 5.3%, the 𝑝𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠 and 449 

𝐹𝐿𝑂𝑃𝑠  amount of our model are increased by 11.3M  and 6.2G  respectively, and the 450 

𝐹𝑃𝑆  is decreased by 8.7. This indicates that advanced model performance can be 451 

obtained by slightly increasing model parameters and network computation, and the 452 

accuracy is significantly improved. Furthermore, with the aim of verify the superiority of 453 

the proposed method, three weld feature extraction methods (UNet, SOLOv2, 454 

DeepLabV3+) are selected for comparison. The results are shown in Fig. 17. 455 

 456 

Fig. 17. Comparison results of different methods 457 

According to Fig. 17, all methods converged after training for 200 epochs. Among 458 

them, the convergence rate of the proposed method is fastest. In terms of model accuracy, 459 

the 𝑚𝐴𝑃0.5 of the propounded method basically reaches more than 90%. However, the 460 

𝑚𝐴𝑃0.5  of the other three methods are significantly lower than that of the proposed 461 

method. Specifically, the 𝑚𝐴𝑃0.5  of SOLOv2 reaches 80%, the 𝑚𝐴𝑃0.5  of 462 

DeepLabV3+ is around 75%, and the 𝑚𝐴𝑃0.5 of UNet only reaches 60%. In essence, 463 

the propounded method demonstrates better theoretical effectiveness in the model 464 

training stage.  465 

The comparative experimental outcomes indicate that the instance segmentation 466 
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accuracy for medium-thickness plate weld features achieved by the proposed method 467 

significantly exceeds that of the other three methods, and the model's training iteration 468 

rate is the most rapid. Should this method be implemented in actual industrial settings, it 469 

is deemed more appropriate for robotic vision guidance of medium-thickness plate 470 

workpieces with complex structures and for determining the starting position for robotic 471 

welding. Consequently, it is better positioned to satisfy the precision and efficiency 472 

requirements essential of robotic welding for medium-thickness plate. 473 

4.3.2 Analysis of predict results 474 

After model training, in order to verify the anti-interference ability and 475 

generalization ability of the proposed method. Four different scenes and weld types are 476 

set up, and use the weight file generated by the model training to detect, and then analysis 477 

and compare the segmentation effect of each method. These four scenarios represent 478 

actual welding site, which include baffles and frames welding scenes of engineering 479 

vehicles, as well as welding scenes of steel structure workpieces. The weld types featured 480 

in these medium-thickness plate workpieces are highly representative, encompassing butt 481 

weld, lap weld, end weld, corner weld, and T-shape weld. Moreover, these scenarios are 482 

selected to ensure that the images contain a wide variety of detectable features, thereby 483 

enhancing the credibility of the experimental results presented in this paper. The specific 484 

results are as Fig. 18-21. 485 

         486 

(a)                        (b)                        (c)  487 

       488 
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(d)                        (e)                        (f)  489 

Fig. 18. Butt weld 490 

             491 

(a)                        (b)                        (c)  492 

       493 

(d)                        (e)                        (f)  494 

Fig. 19. Lap weld 495 

          496 

(a)                        (b)                        (c)  497 

       498 

(d)                        (e)                        (f)  499 

Fig. 20. Close-range hybrid weld (corner weld, end weld, T shape) 500 

           501 
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(a)                        (b)                        (c) 502 

       503 

(d)                        (e)                        (f)  504 

Fig. 21. Remote hybrid weld (corner weld, butt weld, lap weld, T shape, end weld) 505 

Where, (a) UNet; (b) SOLOv2; (c) DeepLabV3+; (d) Original-YOLOv8; (e) BoT-506 

YOLOv8; (f) The mask binary image generated by BoT-YOLOv8 after postprocess. 507 

According to Fig. 18, 19, 20 and 21, it can be observed that the presented method 508 

has the best segmentation effect for medium-thickness plate weld images of different 509 

scenes and types. Not only target features in each weld image are accurately segmented, 510 

but also the mask contour and mask shape of the presented method are more in line with 511 

the initial weld position. Furthermore, the HSV region segmentation method is utilized to 512 

binarize the image mask, which is convenient for the welding robot to obtain the position 513 

information of the target feature and realize the vision guidance before welding. 514 

In contrast, Original-YOLOv8, UNet, and SOLOv2 suffer from false detections, 515 

missed detections, and irregular mask shapes. By comparing the prediction results, it is 516 

found that the DeepLabV3+ model is more sensitive to the contour of the target object, 517 

so DeepLabV3+ is easy to misidentify the contour of medium-thickness plate as a weld. 518 

The occurrence of false detections can be attributed to the classifiers within these 519 

models lacking the requisite discriminative capacity to differentiate between various 520 

types of medium-thickness plate welds. Conversely, the primary cause of missed 521 

detections is the insufficient sensitivity of these methods to identify the characteristics of 522 

tiny medium-thicness plate welds within imagery, or their incapacity to distinguish 523 

between target features and background elements. If these defects, including false 524 

detections and missed detections, persist, they may result in collisions of the welding gun 525 

during the actual robotic welding process, compromised weld formation quality, and a 526 
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welding process that fails to comply with production standards. 527 

Initially, the presented method and four existing methods are trained and predicted 528 

in this experiment. Subsequently, the training results of the five methods are analyzed and 529 

compared from the three aspects of loss function, evaluation index and performance 530 

parameters. Finally, the interference factors are added in the prediction process, and 531 

compare the prediction effects of these five methods on different types of weld images in 532 

different scenes. The experimental results show that. 533 

(1) The loss function of the improved model converges faster, the 𝑚𝐴𝑃0.5 is highest, 534 

and the performance of the model is significantly improved. 535 

(2) Compared with other methods, the proposed method has the highest detection 536 

accuracy, the best anti-interference ability and generalization ability. 537 

5. Conclusion 538 

Aiming to address the technical challenge of autonomous vision guidance for 539 

welding robots in medium-thickness plate welding scenarios. This paper focuses on the 540 

initial weld position features segmentation to assist in path planning for the welding robot 541 

before commencing work. In this study, enhancements to the segmentation accuracy of 542 

the initial weld position of the medium-thickness plate enable the welding robot to more 543 

precisely identify and localize the welding area. This advancement establishes a 544 

foundation for achieving superior welding quality and uniformity. The heightened 545 

precision is expected to bolster the reliability of the automated welding process, diminish 546 

the necessity for manual intervention, and augment production efficiency. The main 547 

conclusions of this study are as follows: 548 

⚫ We proposed a high accuracy and stability initial weld position segmentation method 549 

for medium-thickness plate based on improved YOLOv8, which is the residual 550 

module of the neck network in YOLOv8 is redesigned to obtain the 551 

C2f_Bottleneck_BoT module and utilized the ASPP module as spatial pyramid 552 

pooling structure of YOLOv8. 553 
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⚫ The HSV region segmentation method is employed as a postprocessing technique to 554 

extract the weld seam mask binary image from the model's image prediction results. 555 

This facilitates the welding robot in acquiring precise position information of the 556 

weld seam features.  557 

⚫ The experimental results demonstrate that the BoT-YOLOv8 achieves the best trade-558 

off between accuracy (93.1% 𝑚𝐴𝑃0.5 for overall) and speed (the inference speed of 559 

a single image is 58.3ms, the 𝐹𝑃𝑆 is 26.5). In comparison with other methods (UNet, 560 

DepplabV3+, SOLOv2), the proposed method exhibits superior reliability and 561 

exceptional anti-jamming capabilities. 562 

This research is expected to enhance the precision and automation level of robot 563 

welding system, reduce labor costs, lower error rates, and improve production efficiency. 564 

Furthermore, the proposed method is not only applicable to robotic welding of medium-565 

thickness plate but can also be extended to other precision welding applications, including 566 

aerospace, automotive, and shipbuilding industries. Future directions may include 567 

integrating our method with embodied artificial intelligence techniques to further advance 568 

robotic welding automation. 569 

In the subsequent research, we will deploy the presented method to the welding robot 570 

for supervised learning, and further realize the technical problems such as autonomous 571 

path and posture planning of the welding robot in the medium-thickness plate scenarios. 572 
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