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Abstract

:

The aim of this investigation is to offer a data-based scheme for predicting electrode wear in resistance spot welding. One of the major factors affecting the mechanical properties of spot welds and the variation in weld quality is electrode wear and alloying. In this study, Rogowski coils and twisted pairs attached to the top and bottom electrodes were used to obtain the welding current and the voltage between the electrodes in the welding process, thereby calculating the dynamic resistance value during the welding process. The electrode tip diameter was obtained from the pressure exerted by the upper and lower electrodes on the carbon paper when the current was cut off and was regarded as an indicator of electrode wear. By continuously welding 0.5 mm thick BH 340 steel plates until the electrode failed, the dynamic resistance signal was recorded in real time. Simultaneously, the electrode diameter after every several welds was also recorded. On this basis, the correlation between electrode tip diameter and dynamic resistance is studied. In order to quantitatively study the mapping relationship between dynamic resistance and electrode wear, 10 characteristic values were extracted from the dynamic resistance, and the stepwise regression method was used to obtain the regression formula between the characteristic values and the electrode tip diameter. Using new data to verify the effectiveness of the regression model, the acquired results display that the maximum error between the predicted value of the electrode tip diameter and the measured value obtained by the regression equation with the interactive quadratic term is 0.3 mm, and the corresponding relative error is 7.69%. When welding with a new pair of electrodes, the maximum absolute error was 0.72 mm, and the relative error of the model prediction is within 20% according to the linear regression model with interaction terms. This indicates that this regression model is barely satisfactory for monitoring electrode condition.
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1. Introduction


In recent years, coated steel plates have been used in many industries because coatings can greatly improve the corrosion resistance of steel products [1]. Galvanised steel is the most common form of coated steel with usage increasing substantially. In car manufacturing, the use of zinc-coated steel sheet can prolong the life of the car body and improve its corrosion resistance. The most common joining technologies in the manufacturing process of the galvanised steel car body are friction stir welding, tungsten inert gas shielded arc welding, laser welding, metal inert gas shielded arc welding, self-piercing riveting, etc. [2]. Among them, resistance spot welding is the most frequently used because it has a high degree of automation suitable for large-scale mass production, simple operation and cost saving [3].



The resistance spot-welding process and the effect on electrode wear are completely different between galvanised and uncoated steel sheets [4]. Since the presence of the galvanised layer increases the conductivity of the steel sheet compared to the uncoated steel sheet, when the same welding process parameters are used to weld the galvanised steel sheet, the welding heat is obviously insufficient. It is therefore necessary to apply a higher welding current. The relatively high welding current and the electrode are prone to metallurgical reactions with the galvanised layer. In addition, the electrode is hot, and electrode wear is the major cause of electrode failure during alloying. Yet, in the actual production of car body welding, continuous welding is commonly used to enhance welding production efficiency, which accelerates electrode degradation. Studies have exposed that the size of the electrode tip can be a measure of the degree of electrode wear [5]. Then, after hundreds of welds, the electrode tip dimensions must be evaluated to determine the degree of degradation [6].



By producing 400 consecutive welds of galvanised TRIP steel, Mahmud et al. [7] explored the effect of electrode degradation on one such defect, Zn-enhanced liquid metal embrittlement (LME) cracking, in resistance spot welding. The main factor influencing LME cracking was confirmed to be geometric degradation, specifically the radius of curvature. Metallurgical degradation had no effect on LME cracking in the first 200 welds as its influence was overcome by geometrical degradation. Electrode deterioration in continuously welded baked hardening (BH) 220 steel was analysed by Zhao et al. [8]. They tested electrode life and weldability by measuring geometric features, analysing mechanical properties and checking the electrode tip diameter at 88 or 176 weld intervals. Zheng et al. [9] studied the failure process of oriented multi-walled carbon nanotube-reinforced copper-based composite electrodes by analysing the macro/micro-morphology, microstructure, hardness, texture and composition. The results show that the life of the composite electrode is three times longer than that of conventional CuCrZr electrodes, and the degradation rate is much slower. Previous researchers have studied the process of electrode failure and the effect of this phenomenon on weld quality, but there are still few studies on the prediction and monitoring of electrode wear. Mathiszik et al. [10] investigated whether electrode life could be further extended by assessing in situ or in-line wear during the welding process without the use of additional sensors and determining the timing of tip trimming based on continuous process monitoring. In this case, they analysed electrode wear by topography measurements under laboratory conditions to gain an understanding of the known main wear modes of resistance spot welding electrodes, mushroom and plateau formation, and to characterise electrode length increments as a function of the number of spot welds. The relationship between welding process signals such as dynamic resistance and electrode displacement signals and electrode wear has recently attracted the attention of some researchers. Ibáñez et al. [11] proposed a real-time monitoring method based on data collected from the actual welding production line when the spot-welding electrode wears to a certain degree and requires milling. The unsupervised clustering method is used to process and analyse the welding current and resistance data to classify the degree of electrode wear. Zhou et al. [12] used the changing pattern of dynamic resistance during spot welding as the number of welding points increases, and they qualitatively studied the relationship between dynamic resistance changes and electrode wear status. However, researchers have not further studied the quantitative relationship between them. Panza et al. [13] envisaged using a medium-frequency direct current resistance spot welding machine and some sensing equipment to collect the electrode tip diameter, the contact area between the electrode and the weldment, and the electrode displacement curve. These data can be used to build a model based on machine learning algorithms to predict the wear of the electrode and the number of welds. Panza et al. [14] built an artificial neural network model using the feature values extracted from the electrode displacement signal as the input to the model, and the predicted value of the model was the contact area between the electrodes and the steel sheets. The model successfully predicted electrode wear and degradation. In actual production, the assessment of electrode wear often relies on the actual experience of the welders for a qualitative assessment. There are few quantitative studies of electrode wear based on the dynamic resistance signal.



BH steel plates are widely used in car bodies. Research has also been published on the welding characteristics of BH steel plates [15,16,17]. The degree of electrode wear has a non-negligible effect on the strength of resistance spot welded joints of BH steel plates. The dynamic resistance is a key signal in resistance spot welding and is closely related to weld quality [18]. However, research into the relationship between the dynamic resistance signal and spot-welding electrode wear is still at a preliminary stage, and relevant quantitative research is even rarer. In this study, resistance spot welding experiments were carried out on 0.5 mm thick BH 340 steel plates until the electrode failed. At the same time, dynamic resistance signals and electrode diameter changes are collected. In addition, the evolution of the dynamic resistance with electrode wear will be studied, and models to predict electrode wear will be developed. In this way, the purpose of monitoring electrode wear through the dynamic resistance signal during the continuous welding process is achieved.




2. Experimental Procedure


Experimental Materials and Welding Conditions


A BH340 galvanised steel plate, 0.5 mm thick, is used as the welding material in the welding experiment. Table 1 provides the chemical composition and mechanical properties of the steel plate and the composition of the coating.



The medium frequency direct current (MFDC) resistance spot welding machine is used to weld steel plates [19], and the welding mode is a constant current mode. In order to reduce the effect of stains on the surface of the steel plate upon the welding quality, the steel plate must be mechanically and chemically cleaned before welding. First of all, the steel plate should be wiped several times with industrial alcohol, then rubbed with a clean, damp cloth, and left to dry in a well-ventilated place. As the thickness of the steel plate is extremely small, the post-weld cooling method is air cooling. The tip diameter of the electrode is 3 mm, and its material is Cu-Cr-Zr alloy. The electrodes belong to type A pointed welding electrodes [20]. Figure 1 shows the electrode dimensions in detail. Table 2 shows the material properties of the electrodes.



In order to inspect electrode wear, it is essential to select appropriate spot-welding process parameters and repeat the welding operations. When implementing continuous welding on two large stacked steel plates, certain measures must be taken to reduce the adverse effect on the weld quality caused by welding current shunting. In actual operation, the distance between the welding points and the edge of the welding plate is set at 20 mm in order to save the consumption of welded steel plates and to minimise the effect of current shunt on the welding quality [21]. Figure 2 shows the layout of the welding points. The welding current during the welding process is 4.0 kA, which is slightly lower than the critical welding current when expulsion occurs to ensure weld quality. The other welding process parameters are listed in Table 3. All the procedures for the welding operation are based on the work carried out previously [19]. The specific waveform of the welding current is shown in Figure 3.



For continuous spot welding, dynamic resistance signals are recorded in real time. The schematic diagram of measuring the welding current and voltage between the electrodes in resistance spot welding is shown in Figure 4. Figure 5 shows the test system for measuring current and voltage during welding. The Rogowski coil is employed to measure the welding current value during the welding process [22], while the voltage between the top and bottom electrodes is simply obtained using the alligator clip cable [23]. The acquired signal must be converted from analogue to digital and input to the oscilloscope for display. The signal can be output via the oscilloscope’s USB interface and copied to the computer for further processing.



During continuous welding, the carbon paper was utilised to record the changes in diameter of the electrode tip after several welding points. When recording the geometric dimensions of the electrode tip by means of carbon paper, we used the same welding process parameters as for the actual welding, except that the welding current must be switched off at this point. The resulting electrode indentation was then placed under a low-magnification light microscope and its geometric dimensions were measured. Figure 6 shows the electrode diameter when welding 20 points. Overall, 176 welds were welded and the electrode tip diameter was recorded, resulting in 43 sets of data. It should be noted that the electrode tip diameter is not recorded after a fixed number of welds. This is because it was found that the electrode tip diameter increased more at the beginning and then tended to increase slowly [14]. In this case, the electrode tip diameter was measured more frequently in the first half of these 176 spot welds. The majority (75%) of the total data was used to establish the regression models, while the rest was used to check the performance of the models in predicting the electrode tip diameter.





3. Experimental Results and Discussion


3.1. Diameter of the Electrode Tip


The electrode tip diameter was obtained by copying the electrode imprint onto the carbon paper. First, we used a low-magnification optical microscope to obtain a magnified image of the electrode imprint. Then, the electrode tip diameter was obtained by measuring its image, and it was used to characterise the failure process of the electrode. Figure 7 shows the changing trend of the electrode tip diameter as the number of welded joints increases.



Because the electrode is at high temperature for a long time and high electrode pressure must be applied to the weld plates, the electrode is prone to plastic deformation as the number of weld points increases. This phenomenon is accompanied by a gradual increase in the electrode tip diameter [9]. Firstly, the variance of the change in diameter of the electrode tip is small and increases at a high rate. Secondly, as the pitting corrosion on the electrode surface becomes more apparent, the change in electrode tip diameter is more dramatic, but the growth rate decreases.




3.2. Dynamic Resistance Signal Characteristics


Figure 8 and Figure 9 show the inter-electrode voltage and welding current signals as the 20th weld point is welded. At this time, the corresponding welding current is 4 kA, the welding time is 60 ms and the electrode pressure is 360 N. A medium-frequency direct current resistance spot welding machine is utilised for this purpose. This ensures that the current variation during the welding process is very small in contrast to the alternating current spot welder. Therefore, the dynamic resistance signal during the welding process can be obtained directly from Ohm’s law.


R(t) = U(t)/I(t)



(1)




where R(t) is the dynamic resistance, U(t) is the voltage, I (t) is the welding current and t is the welding time.



Figure 10 shows the dynamic resistance signal of the 20th weld. In general, the change in dynamic resistance with welding time can be divided into three stages. First, the welding current gradually increases from a very low value to 4 kA and stabilises at this value. The upper and lower welding plates generate contact resistance affected by electrode pressure. The contact resistance generates heat and causes the contact surface of the welding plate to soften when exposed to the welding current. The contact area of the upper and lower steel plates increases, the contact resistance decreases and the dynamic resistance value decreases until it reaches the α point. After the upper and lower metal plates are in close contact, the temperature of the welded area increases under the effect of resistance heat. As a result, the resistivity of the BH 340 steel plate increases, and when the temperature reaches the melting point of the metal, the metal melts. At this stage, the dynamic resistance increases until it reaches the β point. This point means that the metal in the weld area has melted to a certain extent and the liquid nugget has reached a certain size. Next, the energy dissipated by the electrode exceeds the heat created by the welding current, and the dynamic resistance decreases again until it reaches the end point.



The basic objective of this study is to construct a robust model to quantitatively approximate the true functional relationship between the dynamic resistance signal and the electrode tip diameter in the non-stop resistance spot welding process, focusing on the mapping relationship between the dynamic resistance signal and the electrode tip diameter. Therefore, it is very necessary to first correlate the dynamic resistance curve with the electrode tip diameter. However, a dynamic resistance curve contains hundreds of data, so it is necessary to extract the most important data to achieve dimensionality reduction. Figure 11 shows the evolution of the dynamic resistance signal when repeated at different welding times. This figure clearly shows that the dynamic resistance signal changes regularly as the number of joints increases. The resistance value at the β point gradually decreases, and the welding time to reach this value is delayed accordingly. The overall dynamic resistance curve shows a downward trend as the number of joints increases, which is caused by the increasing electrode tip diameter due to electrode wear and the resulting decrease in welding current density [24]. This finding is consistent with previous research showing that an increase in electrode tip diameter is an indication of electrode wear [5]. When electrode wear is severe, the welding current density will decrease, and the resulting heat will also decrease. At this point, the heating rate of the weld area is slower, and it takes longer to reach the same welding heat as the previous weld point, so the time for the corresponding key points to appear is also delayed. Figure 11 shows the trends as the number of welds increases. As the number of welding times increases from 20 to 144, the resistance value of the β point decreases from 3.57 to 1.84 mΩ, and its appearance time is delayed by 19.56 ms. The same conclusion can be drawn from Ohm’s law: welding heat is in direct proportion to the square of the welding current. If the density of the welding current is lower, it takes longer to reach a given welding heat. Bogaerts et al. [25] discovered that the time to reach the β-point of the dynamic resistance is highly related to the heating rate during welding. It can be realised that the resistance value of the β point is also closely related to the corresponding welding time and the degree of electrode wear.



According to the change in dynamic resistance with the number of welded joints, some features can be extracted from the signal to express its changes. The positions of the α and β points and their resistance values are extracted. The final value of the resistance signal [26] and the integral value of the dynamic resistance [27] are also extracted. The slope between the four key points of the dynamic resistance (start point, α point, β point and end point) is also calculated. Table 4 lists the 10 feature values extracted from the dynamic resistance signal.




3.3. Establishing Models for the Extracted Features


Regression analysis, a quantitative statistical/computational technique, examines the functional relationship between independent variables and dependent variables in order to simulate and approximate the mapping relationship between them to the maximum extent. The regression model is obtained by analysing the relationship between the independent variables and the dependent variables using the method of least squares. Analysis of variance (ANOVA) was used as a tool to determine the significance and robustness of the regression model.



Assuming the independent variables (   x 1  ,  x 2  , ⋯  x n   ) are continuous, their errors are small enough to be ignored. The functional relationship between the independent variables (   x 1  ,  x 2  , ⋯  x n   ) and the dependent variable y can be given by the following formula [28]:


  y = f (  x 1  ,  x 2  , ⋯  x n  )  



(2)







The functional relationship between independent and dependent variables requires a more accurate approximation. It is thus necessary to establish a regression equation to simulate the mapping relationship between them. The polynomial regression model is the most commonly used, and its expression can usually be described as follows:


  f (  x 1  ,  x 2  , ⋯  x n  ) =  a 0  +   ∑  i = 1  n    a i   x i    +   ∑  i = 1 , j = 1  n    a  i j    x i   x j  + ε    



(3)




where ε denotes the model error, xi represents each independent variable, and   f (  x 1  ,  x 2  , ⋯  x n  )   indicates the dependent variable. The regression coefficient ai can be estimated from the obtained experimental data using the least squares regression method.



To investigate how the characteristics extracted from the dynamic resistance signal correlate with electrode size D, Table 5 expresses the correlation coefficient between them. This table clearly shows that the feature k3 has the largest correlation coefficient with the electrode diameter of 0.882, while the feature re of the dynamic resistance has the smallest correlation coefficient value. Features with correlation coefficients less than 0.5 were discarded, and the remaining nine features (   r 0   ,    t α   ,    r α   ,    t β   ,    r β   ,  P ,    k 1   ,    k 2   , and    k 3   ) were used as inputs to the upcoming regression model to predict the electrode tip diameter (D). The regression model was obtained using the stepwise regression analysis method and MATLAB software (MATLAB R2017b.). The basic idea of the stepwise regression analysis method is to automatically select the most important variables from a large number of available variables and build a prediction model for regression analysis. The basic idea is to introduce the independent variables one by one, and the condition for introducing them is that the sum of squares of the partial regression is significant after testing. At the same time, each time a new independent variable is introduced, the old independent variables should be tested one by one, and the independent variables with insignificant partial regression sums of squares should be eliminated. In this way, variables are introduced and eliminated until no new variables are introduced and no old variables are eliminated. The 43 groups of data obtained from the welding experiment and the carbon printing experiment on carbon paper are divided into two groups: training samples and test samples. To obtain the regression model, 33 groups of all data were randomly selected as training samples, and another 10 groups of the test samples were used to verify the simulation accuracy and performance of the model. All regression and ANOVA results were performed on the average values of the two sets of data.



First, the regression model was constructed using the stepwise regression method based on the features extracted from the dynamic resistance signal. In this case, the Matlab software (MATLAB R2017b) constructed different linear models according to the different data randomly selected each time. After many attempts, only the features of    r 0  ,    P  and    k 3    were retained, while other features like    r β    were discarded, even though they have high correlation coefficients with the electrode tip diameter.



Table 6 and Table 7 show the ANOVA results of the linear regression model. If the p-value of the model and the terms included in the model are less than 0.1, it indicates that they are significant and should be retained. Otherwise, they should be discarded. Therefore, among the nine features (   r 0   ,    t α   ,    r α   ,    t β   ,    r β   ,  P ,    k 1   ,    k 2   , and    k 3   ) with a correlation coefficient with the electrode tip diameter greater than 0.5, only the extracted features    r 0  ,    P , and    k 3    are selected. By calculating the coefficient R2, the adjusted R2 and the sum of squared prediction errors, the fit of the regression model can be evaluated. A good regression model should have a coefficient of determination close to 1 and a small sum of squared prediction errors. The R2 coefficient of this model is 0.9000, which implies that 90% of the experimental data agrees with the predicted data. The model only fails to predict the remaining 10% of the data. The adjusted R2 is 0.8897, which is very adjacent to 0.9000 and also close to 1. Among the p-values of all the nine features, only    r 0  ,    P , and    k 3    have p-values lower than 0.05, so the conclusion that can be drawn that they are highly significant [29] and should be retained in this linear regression model.



To obtain a more accurate prediction model, a linear regression model with interaction terms was attempted to approximate the mapping relationship between the characteristic values of the dynamic resistance curve and the electrode diameter. The retained features extracted from the dynamic resistance curve (   r 0   ,  P , and    k 3   ) and the interaction terms (   r 0  P  ,    r 0   k 3   , and   P  k 3   ) between them are used as independent variables in the regression model, and the electrode tip diameter D is the dependent variable. The stepwise regression method was used, and Matlab software (MATLAB R2017b) was used to construct a linear regression model with interaction terms. The results of the variance analysis of this model are illustrated in Table 8 and Table 9. This linear regression model is very significant as its p-value is much lower than 0.05. R2 and adjusted R2 are very similar and close to 1, and their values are higher than those of the first linear model. In such a case, the linear regression model with interaction terms is more accurate in predicting the electrode diameter. Figure 12 is a good illustration of this statement. The graph reflects that the residual error of the second model is smaller.



In accordance with the results of the analysis of variance, the two regression models can be depicted as follows:


  D = 4.0292 − 0.0123  r o  + 0.0065 P − 46.4429  k 3   



(4)






  D = 2.7135 + 0.0016  r 0  + 0.0128 P + 32.4732  k 3  − 0.4262 P  k 3   



(5)




where D is the electrode diameter, while r0, P and k3 are the features extracted from the dynamic resistance.



The prediction accuracy of the linear regression model and the linear regression model with interaction terms is shown in Figure 13. This result is obtained using the 10 groups of testing data. The maximum prediction error of the linear regression model with interaction terms is 0.30 mm, while the maximum prediction error of the linear regression model is 0.50 mm. The corresponding relative prediction errors are 7.69% and 12.75%, respectively, as revealed in Table 10. It is not difficult to see that the linear regression model with interaction terms has a more accurate ability to evaluate and predict the electrode tip diameter than the linear regression model. In this circumstance, it is highly recommended to use a linear regression model with interaction terms related to selected features of the dynamic resistance curve to predict the electrode tip diameter. In such a case, monitoring dynamic resistance signals to obtain changes in the electrode diameter can be an effective method of assessing the extent of electrode wear in practical production applications.



The subject of this study is closely related to trends in the automotive industry. Therefore, a complete and critical evaluation of the proposed solution in terms of suitability under real welding conditions and some editorial corrections are required. In this case, in order to verify the reliability of the prediction model proposed in this article for predicting the variation of the tip diameter of resistance spot welding electrodes with the number of welding points, it is planned to use a pair of new electrodes and perform continuous welding under the same welding conditions mentioned in Section 2. The same test method is used to obtain the electrode tip diameter. The number of welding times is 54 and the electrode tip diameter is tested every few welds. Figure 14 displays the predicted electrode tip diameter and the measured value using the linear regression model with interaction terms shown in Equation (5). Figure 15 shows the relative error of the model prediction. Table 11 lists the statistical values of the model prediction residuals.



The results show that, unexpectedly, the predicted values from the model are greater than the measured values. This implies that the model using dynamic resistance to predict electrode wear is more conservative; i.e., when the wear of the spot welding electrode actually reaches the critical point of its life, the model predicts that it has failed and the electrode needs to be replaced or repaired. On the one hand, this is more conservative in terms of ensuring the quality of the joint, but on the other hand, it may result in wasted electrodes. Furthermore, the relative error of the model predictions is within 20%. The maximum absolute error is 0.72 mm. This indicates that the performance of the regression model in the welding situation of completely new electrodes is acceptable but not fabulous.



The linear model with interactions built from the stepwise regression clearly overestimates electrode degradation and appears to be very sensitive to small variations in the dynamic resistance curve. The global tendency of the model follows the overall degradation of the electrode. Some of the possible reasons regarding how to address these and what needs to be accomplished in the future include the following:



(1) As only 33 data sets were used to build the regression model in this article, the optimal regression model might not be obtained due to the limited data size. Therefore, future attempts to expand the data scale and use the average value obtained from multiple measurements to build a regression model are expected to perform better when faced with completely new data. In such a case, the reliability of the model will be improved by constructing a more complete database with several endurance tests and training the stepwise regression model on this database.



(2) The method of manually extracting features from dynamic resistance curves is often based on experience and is highly subjective. The characteristic values selected often vary from person to person, and very important characteristic values may be missed. Dimensionality reduction methods such as principal component analysis [30] and deep learning algorithms [31] can extract feature values according to certain rules, so they are expected to solve this problem.



(3) The functional relationship between the characteristic values extracted from the dynamic resistance signal and the electrode tip diameter may be a very complex non-linear relationship, so simply using a linear regression model with interaction terms is not sufficient to simulate the complex mapping relationship between them. Intelligent algorithms such as artificial neural networks have the ability to approximate any non-linear mapping [32], so the use of this artificial intelligence algorithm is expected to solve this problem.



(4) Some researchers use the better non-linear function approximation capability of artificial neural networks and combine it with the stepwise regression analysis method to predict the observed variables of interest [33]. Therefore, it is possible to obtain more satisfactory results by using the methods based on previous publications and applying them to electrode wear prediction.



In the future work, we will carry out tests on an actual production line to compare the estimated and measured electrode tip diameters over the entire electrode life (i.e., from 0 to XXX welds) to verify the accuracy of the developed new model over the entire electrode life.





4. Conclusions


(1) As the weld number increases, the β point of the dynamic resistance signal appears later, and its value also shows a smaller trend. When the number of welding times increases from 20 to 144, the resistance value of the β point decreases from 3.57 to 1.84 mΩ, and its appearance time is delayed by 19.56 ms.



(2) The characteristic values extracted from the dynamic resistance curve serve as independent variables, while the electrode diameter is the dependent variable. Based on this, a linear regression equation and a linear regression model with interaction terms are established. The analysis of variance results verify that the p values of the linear regression equation and the linear regression model with interaction terms are both less than 0.0001, and their adjusted R2 values are approximately 0.89 and 0.95, respectively.



(3) When the prediction accuracy of the regression model was tested using test data, it was found that the linear regression model with interaction terms performed better in predicting the electrode diameter. Its maximum absolute error is 0.30 mm. The maximum relative error is 7.69%.



(4) The maximum absolute error is 0.72 mm, and the relative error of the model predictions is within 20% based on the linear regression model with interaction terms when welding with a pair of new electrodes. This indicates that the linear regression model with interaction terms is barely satisfactory in monitoring electrode status. Instead of traditional manual feature extraction methods for predicting electrode status, future work may include deep learning methods that process dynamic resistance signals and obtain mapping relationships between dynamic resistance signals and electrode wear.
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Figure 1. Geometry of the electrodes: (a) the upper electrode; (b) the lower electrode. 
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Figure 2. Distances between edges and welds on the plates. 
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Figure 3. The welding current waveform. 
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Figure 4. Schematic diagram of the measurement of welding current and voltage between electrodes. 
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Figure 5. The measurement system of the dynamic resistance. 
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Figure 6. The measurement of the electrode diameter for the 20th weld. 
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Figure 7. The changing trend of electrode tip diameter with the number of welds. 
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Figure 8. The measured welding current for the 20th weld. 
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Figure 9. The measured voltage for the 20th weld. 
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Figure 10. A typical dynamic resistance signal. 
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Figure 11. Dynamic resistance variations with number of welds (Symbols used in this diagram correspond to those in Figure 10). 
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Figure 12. The residuals of the two models based on the training data. 
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Figure 13. A comparison of the residuals of the two models. 
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Figure 14. Prediction of electrode tip diameter versus measured value based on the linear regression model with interaction term when welding with a pair of new electrodes. 
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Figure 15. Relative errors based on the linear regression model with interaction term when welding with a pair of new electrodes. 
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Table 1. Chemical compositions and mechanical attributes of BH 340 and the coating (%).
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Chemical Compositions

	
Mechanical Properties

	
Zn Coating




	
C

	
Si

	
Mn

	
P

	
S

	
Al

	
Cu

	
Rel (MPa)

	
Rm (MPa)

	
A80 (%)

	
Elongation/A80 (%)

	
Thickness/t (µm)

	
Mass/m (g/m2)






	
0.025

	
0.03

	
0.44

	
0.009

	
0.015

	
0.044

	
≤0.2

	
360

	
425

	
28

	
41

	
15

	
200








Rel yield strength, Rm ultimate tensile strength, A80 elongation.













 





Table 2. Electrode material parameters.
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Chemical Compositions

	
Physical Properties




	
Cu

	
Cr

	
Zr

	
Hardness (HV0.1)

	
Thermal Conductivity (W/mK)

	
Electrical Conductivity (%IACS)






	
Balance

	
1.00

	
0.10

	
150

	
75

	
325











 





Table 3. Schematisation of the spot weld schedule used in the experimental runs.
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	Welding Current
	Welding Time
	Hold Time
	Electrode Force





	4 kA
	60 ms
	10 ms
	360 N










 





Table 4. Interpretation of the extracted characteristics of the dynamic resistance signal.
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	Characteristics
	Equation
	Unit
	Definition





	    r 0    
	-
	mΩ
	The resistance of the initial point.



	    t α    
	-
	ms
	The position of the α point.



	    r α    
	-
	mΩ
	The resistance of the α point.



	    t β    
	-
	ms
	The position of the β point.



	    r β    
	-
	mΩ
	The resistance of the β point.



	    r e    
	-
	mΩ
	The resistance of the end point.



	P
	   p =   ∫  r ( t ) d t      
	mΩ·ms
	The integration of dynamic resistance.



	    k 1    
	    k 1  =    r 0  −  r α     t α      
	Ω/s
	The decreasing speed between the initial point and the α point.



	    k 2    
	    k 2  =    r β  −  r α     t β  −  t α      
	Ω/s
	The increasing speed between the α point and the β point.



	    k 3    
	    k 3  =    r β  −  r e    60 −  t β      
	Ω/s
	The decreasing speed between the β point and the end point.










 





Table 5. The correlation coefficients between the extracted features and the electrode diameter.
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	Extracted Features
	     r 0     
	     t α     
	     r α     
	     t β     
	     r β     
	     r e     
	P
	     k 1     
	     k 2     
	     k 3     
	D





	Correlation coefficients
	−0.573
	0.513
	−0.597
	0.597
	−0.730
	0.023
	−0.639
	−0.625
	−0.585
	−0.882
	1










 





Table 6. The results of the ANOVA for the first model of the linear regression.
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	Source
	Sum of Squares
	df
	Mean Square
	F Value
	p Value





	Model
	2.1767
	3
	0.7256
	87.0441
	<0.0001



	Residual
	0.2417
	29
	0.0083
	
	



	Cor total
	2.4185
	32
	
	
	



	Standard deviation
	0.0913
	Mean
	3.6073
	
	



	R-Squared
	0.9000
	Adjusted R-Squared
	0.8897
	
	










 





Table 7. Linear regression model ANOVA results for each term.
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	Term
	Estimated Value
	Standard Error
	T-Value
	p-Value
	p Value





	Constant
	4.0292
	0.1450
	27.7970
	<0.0001
	<0.0001



	r0
	−0.0123
	0.0056
	−2.1981
	0.0361
	



	P
	0.0065
	0.0014
	4.8235
	<0.0001
	



	k3
	−46.4429
	3.8793
	−11.9720
	<0.0001
	










 





Table 8. Results of the ANOVA for the linear regression model with interaction terms.
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	Source
	Sum of Squares
	df
	Mean Square
	F Value
	p Value





	Model
	2.3145
	4
	0.5786
	155.8613
	<0.0001



	Residual
	0.1039
	28
	0.0037
	
	



	Cor total
	2.4185
	32
	
	
	



	Standard deviation
	0.0609
	Mean
	3.6073
	
	



	R-Squared
	0.9570
	Adjusted R-Squared
	0.9509
	
	










 





Table 9. ANOVA results of the linear regression model with interaction terms for each term.
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	Term
	Estimated Value
	Standard Error
	T-Value
	p-Value
	p Value





	Constant
	2.7135
	0.2366
	11.4662
	<0.0001
	<0.0001



	r0
	0.0016
	0.0044
	0.3715
	0.7130
	



	P
	0.0128
	0.014
	9.3516
	<0.0001
	



	k3
	32.4732
	13.2098
	2.4583
	0.0204
	



	Pk3
	−0.4262
	0.07
	−6.0922
	<0.0001
	










 





Table 10. The statistics of the residuals of the two models.
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	Item
	Symbol
	Unit
	Linear Regression Model
	Regression Model with Interaction Terms





	Minimum
	    D  min     
	mm
	0.018
	0.0013



	Maximum
	    D  max     
	mm
	0.50
	0.30



	Mean
	    D  mean     
	mm
	0.11
	0.072



	Medium
	    D  med     
	mm
	0.058
	0.042



	Standard deviation
	  σ  
	mm
	0.14
	0.089



	Range
	  Δ  
	mm
	0.48
	0.30










 





Table 11. The statistical values of the residuals based on the linear regression model with interaction terms when welding with a pair of new electrodes.
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	Item
	Minimum
	Maximum
	Mean
	Medium
	Standard Deviation
	Range





	Unit
	mm
	mm
	mm
	mm
	mm
	mm



	Value
	0.02
	0.72
	0.32
	0.26
	0.21
	0.7
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