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Abstract: Wear of the secondary of the welding gun, caused by mechanical fatigue or due to a bad
parameterization of the welding points, causes an increase in quality problems such as non-existent
welds or a reduced weld nugget size. In addition to quality problems, this defect causes production
stoppages that affect the final cost of the manufactured part. Different studies have focused on
evaluating the importance of different welding parameters, such as current, in the final quality of the
welding nugget. However, few studies have focused on preventing weld command parameters from
degrading or changing. This investigation seeks to determine the wear of the secondary circuit to
avoid variability in the current supplied to the welding point caused by this defect and the increase
in circuit resistance, especially in industrial environments. In this work, a virtual sensor is developed
to estimate the resistance of the welding arm based on previous research, which has shown the
possibility of detecting secondary wear by analysing the duty cycle of the power circuit. From
the data of the virtual sensor, an anomaly detection method based on the Mahalanobis distance
is developed. Finally, an integral system for detecting secondary wear of welding guns in real
production lines is presented. This system establishes performance thresholds based on the analysis
of the Mahalanobis distance distribution, allowing monitoring of the secondary circuit wear condition
after each welding cycle. The results obtained show how the system can detect incipient wear in
welding guns, regardless of which part of the secondary the wear occurs, improving decision-making
and reducing quality problems.


Keywords: MFDC welding; wear monitoring; virtual sensor; Mahalanobis distance


1. Introduction


Resistance spot welding (RSW) is widely used for joining metal sheets without extra
material input. This is due it being possibly the fastest, cheapest, and most efficient joining
method. These advantages make this method one of the most used technologies for joining
metals in industries such as aerospace or automotive industries [1,2]. For example, currently,
over 90% of assembly work in a car body is completed by RSW, a vital joining process for
automotive production [3].


In the resistance spot welding process, two or more sheets of metal are pressed by
means of the electrodes of the welding gun; this action can be carried out by a pneumatic
cylinder or by a servomotor, depending on the type of welding. Once the necessary pressure
is reached, the welding timer circulates the welding current through the contact metal
sheets, generating the necessary energy to melt the metals. This energy generates following
the basic Joule heat generation equation (Equation (1)):


Q = I2·R·t (1)


Despite the simplicity of the heat generation equation, resistance spot welding is a
complex process, as it involves different fields of study such as electromagnetism, elec-
tronics, thermodynamics, materials, and mechanics [4]. Therefore, due to the complexity
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of the process, there are many parameters that influence the final quality of the welding
joint. The different parameters and influences on the final quality have been studied by
different authors, highlighting the importance of pressure, current, electrode wear, welding
shunt effect, or electrode misalignment [5–8]. Therefore, it is essential for the industry to
guarantee the stability of the process to avoid the variations in the parameters that have an
impact on welding. One of the defects in welding guns that causes production problems
is the wear of the power circuit. Within this circuit, elements such as disparate screws,
copper/aluminium arms of welding guns, diodes, and transformers are included.


MFDC Welding


In resistance spot welding, there are two prevalent types of power sources responsible
for controlling the way power is delivered to the load: three-phase medium-frequency DC
power source and single-phase AC power source, both having different characteristics that
generate a different effect in the way the nugget is formed [9]. First, in a single-phase AC
power supply, two thyristors are connected in parallel, which allows current to pass during
the positive semicycle through one of them, while in the negative semicycle, it passes
through the other [10]. In this type of welding machine, the welding timer establishes
the adjustment of the firing angle for each of the thyristors in each control cycle, starting
from 0◦ to 180◦. This firing angle control allows the welding timer to control the energy
supplied to the welding point. The main characteristic of this type of welding is that in
certain periods, the current is zero, which allows the welding nugget to cool, thus losing
energy efficiency [11].


On the other hand, the medium-frequency three-phase DC power supply can be
mentioned. This type of power supply is more complex, having four functional blocks:
a three-phase AC power supply, a rectifier, an IGBT H-bridge inverter, and, finally, the
welding transformer, as shown in Figure 1.
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Figure 1. Schematics of MFDC Welder.


Figure 1 shows the three-phase network voltage rectified to an approximate DC single-
phase voltage, Udc. This DC voltage is chopped at the H-bridge, in such a way that the
primary voltage of the transformer depends on the state of the IGBTs. When IGBTs Q1
and Q4 are on, the voltage in the primary of the welding transformer is +Udc, while when
Q2 and Q3 are in conduction, the voltage in the primary is -Udc. However, when the
parallel IGBTs are on simultaneously, the output voltage will be equal to 0. The conduction
states of the IGBTs are controlled by the welding timer. This control is based on an SMPS
(phase-shifted full-bridge); therefore, to control the energy supplied to the welding point,
the welding timer modifies the duty cycle of the SMPS [12,13].


Compared with the previous type of single-phase AC power supply, this type of
welding power supply supplies a continuous current to the welding point, which allows
heat to be supplied to the metal sheets during the entire process. The MDFC welder usually
works at frequencies close to 1000 Hz, which allows greater control over the output current,
adjusting it throughout the process based on the energy supplied. For these reasons, this
type of power supply has a higher energy efficiency than the single-phase AC power
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supply. Due to this fact, this type of power supply is usually used in industries with a high
production of welded joints, such as the automobile industry, as it favours lower energy
consumption and greater control over the welded joints [14].


In both types of power supply, the electrical current of the secondary circuit depends
on the primary voltage, either through the control of the IGBTs for the MFDC or through
the phase shift of the thyristors firing in single-phase AC, and on the secondary resistance.
Consequently, variations in the resistances of the secondary circuit cause variations in the
current applied to the weld. It is, therefore, essential to guarantee the correct performance
of the different elements that make up this power circuit.


The wear that occurs in the power circuit, specifically that of the secondary circuit,
has a very diverse origin and nature, as it occurs in different elements of the welding gun,
as shown in Figure 2. The different wears that may occur are corrosion of the welding
arms due to cooling water leaks, worn transformer pins, poor cooling or limescale, cracked
arms caused by metal fatigue, clogged chilled braids, or thermal strip lamination breakage.
All these types of wear cause both quality problems due to the instability of the process
and production problems due to production stoppages caused by the need to repair the
worn elements.
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Figure 2. Typical wear in secondary circuit [15].


The detection of tool wear in different machinery and processes has been widely
studied, as manufacturing industries tend to be increasingly automated, which makes
it essential to detect events that may appear throughout the machinery process. These
studies could be classified into two groups: those that use equipment additional to that
of the production process and those that are based solely on the data acquired from the
machine. As an example of the sensor-based tool wear monitoring, Gonçalves et al. [16]
proposed a wear detection method in CNC machines by means of image analysis acquired
during the production process. Similarly, Zhixiong et al. [17] showed a method for tool
wear detection using audio signals together with machine learning, showing promising
results for its real application in production lines. However, the main disadvantage of these
methods is the need to purchase and install the additional equipment necessary to perform
wear monitoring.


Second, due to the increasing availability of production data in the industry, new
research is focused on sensorless wear monitoring. This type of monitoring usually requires
greater knowledge of the process and a higher cost of data processing. For example,
Zhang et al. [18] showed a complete analysis of the operation of the milling machine and,
based on the monitoring of the physical model, showed a method of detecting wear and
tear of the machine. In the same way and from the knowledge of the production lines,
Garcia et al. [19] presented a method for the detection of wear of mechanical elements of
the production lines by means of the analysis of the time used by the mechanical element
to carry out the assigned task.


However, despite the growing demand for solutions for real-time detection of machin-
ery wear in the industry, the different studies carried out in the field of resistance welding
do not propose a real solution for the detection of wear in welding guns. As previously
mentioned, many studies show the influence of the parameters on the final quality of
welding. Similarly, many studies focus on the influence of mechanical problems and weld
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quality. In relation to the wear of the machine, the different studies have focused on the
detection of the wear of the electrodes as these are a fundamental piece in the application
of pressure and current to the welding point [20,21]. Nevertheless, at this time, there is no
research that focuses its study on the detection of wear not only of the electrodes but of all
the elements involved in the secondary circuit of the resistance welding gun.


Due to the absence of research on the determination of secondary wear in resistance
welding guns, this gun variable cannot currently be monitored in real time. Consequently,
for wear detection, welding guns are periodically inspected for signs of wear or damage.
This can be performed visually, by looking for cracks, chips, or other signs of damage to
the gun’s components. Additionally, the gun’s performance can be monitored over time to
detect any changes that may indicate wear, such as a decrease in welding speed or accuracy,
that is, once a consequence has already occurred in production. In some cases, it may be
necessary to disassemble the gun and inspect its components more closely to detect wear.


Therefore, the main problem resides in the non-existence of an adequate method
for the detection of wear in the secondary in the production lines, showing excessively
high costs associated with its detection-repair. This leads to focusing the research on the
search for a method capable of performing this monitoring of secondary wear automatically
and efficiently.


2. Background and Objectives


In this section, studies carried out previously for the detection of secondary wear
are presented first. These studies serve as a useful context and will serve as a starting
point for this research. The objectives set out in our own research are presented below.
These objectives are based on the research carried out previously and seek to solve the
drawbacks of the previous solutions identified in these studies. In summary, this section
addresses both the background of the research and the objectives that have been established
in our study.


2.1. Previous Research


In previous investigations, a method for detecting problems in the secondary circuit
of the welding guns was investigated by analysing the existing data in the welding timer
(see [5]).


Starting from the existing data in the welding timer, it was verified that an increase
in the variation in the wear conditions of the secondary had an influence on the control
values of the welding timer. Specifically, the SMPS duty cycle history was analysed.


Based on the duty cycle analysis, it was observed that as the welding arm wear
increased, the welding timer corrected the IGBT control signal values. Figure 3 shows
the evolution of the duty cycle in a pistol that presents secondary wear problems. In the
first period from weld point 0 to the point 350 approximately, the duty cycle values are
stable. From this moment on, the value of the duty cycle tends to increase up to the welding
point 550 where the fault occurs. After carrying out the repair, the value of the duty cycle
decreases and returns to behaving stable. Therefore, it was determined that by analysing
these values, it is possible to detect wear in the welding arms. After establishing this
relationship, an initial alarm detection system based solely on real-time monitoring of the
SMPS duty cycle was established. This alarm system bases detection on the interquartile
range rule [22].


Consequently, the above methods fail to fully respond to the existing problem, leaving
out of detection those cases in which the resistance that wears out is much lower than the
global resistance of the secondary. This makes it necessary to continue these lines of research
to improve the previous methods in order to achieve a total detection of secondary wear.
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that not all elements that wear cause a drastic increase in the overall resistance of the secondary, but
sometimes, if the resistance of the arm is high, an increase in wear in a low-resistance element does
not cause a noticeable increase in duty cycle, being difficult to detect it with the initial method.


2.2. Research Objectives


The main objective of this research is to improve the initial method for the early and ef-
fective detection of the wear of the secondary power circuit’s elements of the welding guns.


As mentioned, as the secondary resistance increases, the duty cycle increases to correct
the current reduction in the welding tips, but sometimes, the resistance of the welding arm
is much greater than the welding resistance. This means that when severe wear is generated
within the elements that are part of the welding resistance, this will not cause a drastic
increase in the total resistance of the secondary. As a consequence, the duty cycle will
not increase considerably, thus making it difficult to detect wear using the alarm method
described above.


As a result, the objective of this research is to improve the wear detection system based
on the theoretical basis of the previous investigation, assuming that when wear exists, the
resistance of the element in poor condition increases. To do this, and in accordance with
the disadvantages of the previous system, the analysis will no longer start from the duty
cycle but from the circuit’s own resistances, estimating them from the existing data in the
welding timer, that is, from a virtual sensor of the resistances of the secondary.


3. Materials and Methods
3.1. Virtual Sensors for Resistance Estimation


A sensor can be defined as a device capable of measuring a physical magnitude and
converting it into a signal that can be processed by the observer or instrument. Sensors
can be divided into two categories: physical sensors and virtual sensors. Virtual sensors,
also known as smart sensors or estimators, take readings from real physical sensors and
calculate the outputs using some process models. This type of sensor is used due to the fact
that they are flexible, cheap, and can perform measurements on elements that are difficult
to measure due to their complexity [23].


In this particular case, the estimation of the resistance of the secondary circuit of the
welding gun is sought by means of the existing data in the welding control, such as the
current, the voltage of the electrodes, and the duty cycle of the IGBTs, as can be seen in
Figure 4.


The secondary circuit can be schematically reduced into two resistances, one corre-
sponding to the resistance of the welding gun arm and the different elements that compose
it, and another corresponding to the resistance of the electrode. The electrode resistance can
be easily obtained from Ohm’s law, as the values of current and voltage drop are available
in the welding timer. However, to obtain the resistance of the arm, only the value of the
current that passes through the arm is available in the welding timer. Therefore, to obtain
the value of the resistance of the welding gun arm, it is necessary to obtain first the other
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variables necessary for the calculation, specifically, the value of the voltage drop in the
welding arm.
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The secondary voltage can be calculated by decomposing the circuit in Figure 1 [24]. First,
the rectifier converts the three-phase AC into a single-phase DC according to Equation (2):


Vrecti f ier =
1
π
3


∫ 2π
3


π
3


Vline sin(ωt)d(ωt) =
3
π


Vline (2)


Then, starting from the behaviour equations of the SMPS and together with Equation (2),
the secondary voltage can be expressed as a function of the duty cycle as:


Vsec = 2
(


Ns


Np


)
Vrecti f ier·Dcycle =


6
π VlineDcycle


N
(3)


Consequently, and starting from the variables obtained by the welding timer through-
out the welding process, the value of the resistance of the welding arm can be estimated
from Equation (4). This value of the resistance is estimated as it is assumed in this investi-
gation that the power factors, the reactance, and the circuit losses that cause an error in the
calculation of the resistance value remain stable within each particular welder. Therefore, it
is considered unnecessary to calculate the exact value of the resistance.


Rarm =
Varm


Isec
=


 6
π VlineDcycle


N − Vweld


Isec


 (4)


Summarizing, from the schematic of Figure 4 and Equation (4), Figure 5 of the operation
of the virtual sensor is obtained. In Figure 5, it can be seen as a summary that the output
signal of the system, that is, the resistance of the arm and the welding resistance, is calculated
from the existing variables in the welding timer, current, welding voltage, and duty cycle.
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3.2. Incipient Wear Detection


Once the variables of the virtual sensor on which the analysis is going to be carried
out have been obtained, a method for the detection of incipient wear for resistance welding
guns is proposed.


In this case, it is intended to detect anomalies in the resistance data to detect incipient
wear of the secondary circuit. An anomaly is defined as data that deviate from the normal
behaviour of a series of data and, in this research, it is decided to use the analysis of the
Mahalanobis distance for the detection of anomalies and, therefore, for the detection of
wear in the secondary circuit.


The Mahalanobis distance (MD) is the measure of the effective distance between a
point and a distribution [25], being effective in multivariate data. These result due to the
use of the covariance matrix of variables to find the distance between data points and the
centre, according to Equation (5). That is, Mahalanobis calculates the distance between
point “P1” and point “P2” considering the standard deviation. MD, therefore, provides
good results with outliers being considered multivariate. To find these outliers by MD, the
distance between each point and the centre in n-dimensional data is calculated and outliers
are found considering these distances. MD detects outliers based on the distribution pattern
of data points [26,27].


D2 =
(
Xp1 − Xp2


)T ·C−1·
(
Xp1 − Xp2


)
(5)


where C is the covariance matrix and Xpn represents coordinates of observations in n-
dimensional space.


d(p, q) =
√
(p1 − q1)


2 + (p2 − q2)
2 + .. + (pn − qn)


2 (6)


Euclidean distance, d, Equation (6), is also commonly used to find the distance between
two points (p and q) in two- or higher-dimensional spaces [28]. However, MD uses the
covariance matrix unlike Euclidean. This means that MD can be used with correlated
variables even if the points do not have the same scale.


Figure 6 shows the resistance data of the arm and the welding obtained from the
virtual sensor for a welding gun of a production line. These data are used to calculate
both the Mahalanobis distance and the Euclidean distance. Once the distances have been
calculated, pre-alarm and alarm thresholds are established. These anomaly thresholds
are established bearing in mind the distribution of the calculated distance according to
Equation (7).


Thpre−alarm = Q3 + 1.5·IDR
Thalarm = Q3 + 3·IDR


(7)


where Q3 represents the value of the third quartile and IDR the difference between the first
decile and the ninth decile.
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Figure 7 shows the calculated thresholds using the Euclidean distance (a) and the
Mahalanobis distance (b). Comparing both results, in the case of the Euclidean distance,
the thresholds are set in a circle, causing a poor fit with the data dispersion. However,
using the Mahalanobis distance, and therefore, the correlation between both variables, the
thresholds are set elliptically, which allows further adjustment of the thresholds to the
correlated behaviour of the data [29].
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Considering the result obtained from the thresholds, it is considered that for this study
in which there is a correlation or linearity between both variables, the most appropriate
method for detecting anomalies is MD. However, to validate this statement, the same
welding gun in which an anomaly begins to appear is evaluated.


Figure 8 shows the previous data (blue dots) together with the new data corresponding
to the appearance of wear in some mechanical element of the secondary circuit (brown dots).
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Analysing the data obtained in Figure 8, some conclusions can be drawn. First, in
Figure 8a, which corresponds to the detection of anomalies by means of the Euclidean
distance, despite the existence of anomalies, many of the data corresponding to the anomaly,
brown points, are within the thresholds alarm and pre-alarm. However, a small number of
points are above the thresholds. Therefore, this method is valid to detect anomalies but not
in an incipient way, as it is not capable of detecting the first initial values of the anomaly.
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On the other hand, Figure 8b shows the anomaly detection results using the Maha-
lanobis distance. From the results, it can be seen that many points are located outside the
alarm and pre-alarm thresholds compared to the previous case. This behaviour suggests
that the Mahalanobis distance method would be better for early anomaly detection. To
conclude with the analysis of both methods, Figure 9 represents the average of minimum
distances from each point with its closest alarm threshold for each of the methods and as a
function of the multiplying factor of the inter-decile range of Equation (7). This value is
used to determine which of the methods finds the anomaly earlier, or what is the same as
the incipient wear of the secondary circuit.
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Several conclusions can be drawn from Figure 9. Throughout the different IDR
multiplication factors that can be set for the calculation of the thresholds, the average
minimum distance to the nearest threshold is lower by the Mahalanobis distance, which,
therefore, results in a better fit of the thresholds to the existing data population. In the
same way, it is observed that if an increase in the IDR multiplying factor is necessary to that
established in Equation (7) to avoid false positives, in the case of the Euclidean distance, the
values of the average minimum distance increase almost linearly with the increase in the
factor, which increases the difficulty of early detection of the abnormality. Consequently, it
is established that the most adequate method for the incipient detection of secondary wear
is the one based on the Mahalanobis distance between the resistance of the welding arm
and the welding resistance.


3.3. Wear Detection System


Once the method used for the detection of incipient wear has been established, a
system is designed to apply the method autonomously not only to a welding gun but
also to an indeterminate number of them. The detection system is mainly divided into
three stages: calibration and obtaining of initial threshold, analysis of new incoming data,
and recalibration.


Then, Algorithm 1 is followed for calibration. Current, voltage, and duty cycle values
are obtained to calculate the arm resistance and welding resistance. Once the resistance
values are obtained, the Mahalanobis distance is calculated, and the alarm and pre-alarm
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thresholds are established by the Mahalanobis distance distribution (Figure 10) and ac-
cording to Equation (7). These alarm and pre-alarm values are stored to be used in the
analysis stage.


Algorithm 1: Threshold Calibration.


Input:
Vweld, Isec and Dcycle
Output:
Al (Alarm Thershold), Pr (Prealarm Threshold), C


1. Calculate Rarm and Rweld resistance according to Equation (4).
2. Calculation of the inverse covariance matrix of Rarm and Rweld.


C =


[
Var(Rarm) Cov(Rarm, Rweld)


Cov(Rweld, Rarm) Var(Rweld)


]
3. Calculation of the Mahalanobis distance according to Equation (5).
4. Determination of the alarm and pre-alarm thresholds based on the Mahalanobis


distance distribution.
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After establishing the pre-alarm and alarm values for each welding gun, Algorithm 2 is
carried out for the analysis of anomalies for the new incoming data collected from the
production line. This algorithm calculates the resistance values again and the Mahalanobis
distance between both variables starting from the covariance matrix calculated by Algo-
rithm 1 for each welding gun. Once the distance has been calculated, each of the welding
points is evaluated with the alarm and pre-alarm thresholds.


Algorithm 2: Analysis of new incoming data.


Input:
Vweldnew, Isecmew, Dcyclenew, Al, Pr and C
Output:
Alarm/Prealarm warning


1. Calculate Rarm and Rweld resistance according to Equation (4).
2. Calculation of the Mahalanobis distance (D) according to Equation (5) using the old


covariance matrix (C).
3. Determination of alarm/pre-alarm status:


If D > Al then “Alarm”
If D > Pr and D < Al then “Pre-alarm”
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Finally, to improve the detection method, a recalibration process is carried out after
correcting the mechanical failure that caused the alarm of a certain welding gun. In addition,
Algorithm 3 is exescuted periodically so that if the new data present thresholds lower than
those previously calculated, they are updated. This makes it possible to better adjust the
thresholds and detect wear earlier.


Algorithm 3: Recalibration after alarm.


Input:
Vweld_after_alarm, Isec_after_alarm, Dcycle_after_alarm, Al, Pr and C
Output:
Al, Wn, C


1. Calculate Rarm and Rweld resistance according to Equation (4).
2. Calculation of the Mahalanobis distance (D) according to Equation (5) using the new


covariance matrix (C).
3. Determination of the alarm and pre-alarm thresholds based on the Mahalanobis distance


distribution,
4. Comparation between new and old threshold:


If Alnew < Al and Prnew < Wn then:
Al = Alnew
Pr = Prnew


As a summary, Figure 11 shows the operation of the algorithms mentioned above.
Figure 11a shows the resistance values of the arm and the weld, while Figure 11b shows
the values of the Mahalanobis distance between both variables. In the first place, the initial
data are used to calculate the covariance matrix and the alarm thresholds (Algorithm 1).
The data show a normal behaviour, without detecting any anomaly until approximately
weld number 200. From this moment on, the data begin to experience a growing anomaly.
This anomaly is detected by the system using Algorithm 2. After executing the appropriate
maintenance operations, approximately at weld number 300, the alarm system is recali-
brated with the new data, calculating the new covariance matrix and the new detection
thresholds (Algorithm 3).
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4. Results


The results section shows the results of the application of the proposed system in a real
factory. This section presents the block diagram of the data collection system within a real
factory, together with three success stories in which the virtual sensor and the proposed
algorithms have been used to detect different types of anomalies in the processes of the
factory. Each of these cases demonstrates the effectiveness of the system in detecting
anomalies and its ability to be used in real production lines.


This system is designed to be implemented in the manufacturing industry, specifically,
its operation is tested in an automotive production factory. The data collection system is
presented in the block diagram of Figure 12. Each of the welding guns collects current,
welding voltage, and duty cycle for each weld joint made, and these data are sent to the
base welding data.
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The data from the welding database goes through the virtual sensor processing in
order to obtain the resistance values. Once the resistances are calculated, they are stored in
the analysis database. To reduce the number of data stored in the database, the average
resistance data between milling cycles are analysed.


The data from the analysis database are used to calculate the alarm and pre-alarm
thresholds, as shown in the previous section. Finally, once the thresholds have been
established, the new data are analysed, the wear status of the secondary of each of the
welding guns is labelled, and an alert message is sent to the operator in charge of each of
the analysed equipment.


In total, this system has been tested on six hundred and fifty different welding guns.
The welding guns analysed are of the MFDC type, differing in two types of pressure
application, either by a pneumatic cylinder or by a servomotor.


The results shown below are extracted from the six hundred and fifty welding guns
analysed; specifically, three real cases of welding guns installed in production lines that
have detected wear are presented. These three results show the total number of patterns
that can occur in welding guns: increase in welding arm resistance, increase in welding
resistance, and increase in both resistances.


4.1. Gun 1: Welding Arm Wear


In this section, the results of the calibration of welding gun 1 are presented following
the first calibration algorithm shown in the previous section. Figure 13 shows the resistance
data of the arm and the welding of the gun used for calibration; in total, 200 welding points
made by that welding gun are used. In this way, the dynamic behaviour of the process is
considered, as well as the own variations due to the wear of the capsules and the change of
the same. The resistance of the arm has an average value of 340 µΩ, while the resistance of
the weld has an average value of 160 µΩ.
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Figure 13. Operation of the initial calibration algorithm for gun 1. (a) Data of the resistances used for
the calibration. (b) Calibration result, Mahalanobis distance, and alarm thresholds.


Finally, Figure 13 shows the thresholds obtained by means of the calibration algorithm
as a function of the Mahalanobis distance between the two resistors. If the data are within
the thresholds, the calibration is considered to have been successful. Otherwise, a new
calibration must be performed.


Once the alarm and pre-alarm thresholds for gun 1 have been set, the new data coming
from the welding gun virtual sensor are analysed in real time. Figure 14a shows the values
of each of these arm and weld resistance data.
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Figure 14. Gun 1 alarm system operation. (a) New incoming resistance data. (b) Analysis and
recalibration of alarms.


For these data, the Mahalanobis distance is calculated considering the covariance
matrix obtained in the calibration. Once the Mahalanobis distance is calculated, it is
evaluated together with the set thresholds, and it is figured out whether it is an alarm or
not. In this case, an alarm is experienced up to weld point 1800, where the values drop, and
a recalibration is performed using Algorithm 3.
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4.2. Gun 2: Welding Resistance Wear


As in the case of gun one, for gun two, a first calibration is carried out with 200 values.
Figure 15a shows the resistance values of both the arm and the welding of the gun. The
arm resistance has an average value of 350 µΩ, while the welding resistance is 230 µΩ.
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As in the previous case, the Mahalanobis distance between the arm and weld resistance
data is calculated and evaluated together with the alarm and pre-alarm thresholds set
during calibration. In this case, no point is above the established thresholds, writing down
that the calibration has been successful and that the gun is in good condition (Figure 15b).


In Figure 16a, the data can be seen in real time after the first calibration of welding
gun 2. In this case, it can be seen how the resistance data have greater variability, but
despite this, the Mahalanobis distance remains below the alarm thresholds up to the point
where the alarm occurs (Figure 16b). In the same way as in the previous case, after the
alarm period has elapsed, the recalibration of the algorithm is carried out.
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4.3. Gun 3: Welding Resistance and Arm Resistance Wear


Lastly, for gun 3, the same calibration is carried out as in the two previous cases,
taking the initial 200 values of resistance of the arm and welding (Figure 17a). These values
allow you to calculate your covariance matrix and the alarm and pre-alarm thresholds
(Figure 17b).
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Figure 17. Operation of the first calibration algorithm for gun 3. (a) Data of the resistances used for
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In the same way, this welding gun presents an evolution in which the Mahalanobis dis-
tance data between the resistors exceed the thresholds defined by the calibration. Figure 18a
shows the evolution of the resistance values of the arm and welding resistance after carry-
ing out the initial calibration. In this case, around weld point 250, it is first exceeded; once
the fault is repaired, the Mahalanobis distance is recalibrated to return to values above
the alarm thresholds; after weld point 100, the alarm threshold is exceeded again, without
observing any type of repair (Figure 18b).
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5. Analysis and Discussion of Results


The data obtained by the virtual sensor for gun 1 show that after having performed
the calibration based on the Mahalanobis distance and setting the behaviour thresholds, an
alarm is produced around point 1000 as the data exceed the established thresholds, both
alarm and pre-alarm. The distance between the arm strength data and the weld continues
to increase until the defect repair is performed around weld point 1800 (Figure 14).


After the repair, Algorithm 3 is carried out, which recalculates the covariance matrix
and the new alarm and pre-alarm thresholds. Observing the evolution of the resistance of
the arm and the resistance of the welding in the figure, it can be determined that this alarm
is caused by the resistance of the welding arm and, therefore, wear will occur in the copper
strips, in the connections of the transformer, or in the connecting bolts of the arms.


After the system sent the alarm and in order to repair the existing defect, the operators
carried out a visual inspection of the welding gun to carry out the repair and verified that
the copper strip was in poor condition. The strapping pins were burned, and the sheets had
started to break, causing an exponential increase in resistance (Figure 19). This explains the
increase in the Mahalanobis distance seen in the data and the generation of the alarm.
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Figure 19. Real case of detection-worn copper strip. Cut sheets.


If the data obtained for gun 2 is observed (Figure 16), it can be seen that an alarm occurs
at weld point 250. This is because the Mahalanobis distance data exceed the established
thresholds. This situation is maintained until weld point 400, where a repair of the defect is
performed. Analysing Figure 16, it can be seen that the increase in Mahalanobis distance
is related to the increase in weld resistance. This suggests that the worn items are the
electrodes, electrode holders, or hardware in this section of the welding gun. Therefore,
repair should focus on these components to correct wear and reduce the Mahalanobis
distance. After the repair of the worn element, a recalibration of the welding gun wear
detection algorithm is performed to adjust and reduce the Mahalanobis distance. As a
result, the data return to values below the alarm and pre-alarm thresholds.


Finally, the case of gun 3 (Figure 17) shows two different types of alarm. In the first
place, it is observed that from weld point 250 to 550, the Mahalanobis distance data are
above the alarm and pre-alarm thresholds due to the increase in the resistance of the arms.
After this, a recalibration of the wear detection algorithm is performed and the data return
to normal. However, around weld point 650, the Mahalanobis distance again exceeds
the thresholds, but this time due to weld resistance. In this case, it is seen that the data
continue to continuously increase without any repair or recalibration of the algorithm
being performed.


In summary, the three cases analysed show the effectiveness of the welding gun wear
detection system in real time. In the case of gun 1, the alarm occurs due to the increase in
the resistance of the arms, which indicates that the wear occurs in the arms, the copper
straps, the screws, the transformer terminals, etc. In the case of gun 2, an alarm occurs
due to increased welding resistance, indicating that wear is occurring on the electrodes,
electrode holders, or hardware in this section of the welding gun. In the case of gun 3, two
different alarms are produced due to different causes of wear, both on the arm and on the
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welding resistance. In short, these cases prove the system’s ability to detect incipient wear
in welding guns and to send alarms to operators so that they can intervene promptly and
prevent welding gun failures and weld quality problems.


6. Conclusions


This article presents a system to detect the incipient wear of welding guns in real
time. The main objective of this system is to improve efficiency and quality in the welding
process by detecting early wear on the welding guns and allowing operators to intervene
in a timely manner.


To achieve this goal, the system uses a virtual sensor that converts current, voltage, and
duty cycle signals into arm resistance and weld resistance values. Then, the Mahalanobis
distance between both resistors is calculated and, based on those values, sends alarms to
the operators.


The system was tested in a real study in a car manufacturing factory in which 650 weld-
ing guns were tested. The results showed that the system is capable of accurately and
opportunely detecting incipient wear both in the arms of the gun and in the part in charge
of welding (electrodes, electrode holders, etc.).


Furthermore, the system has several advantages compared to other wear detection
methods. In the first place, it is not based on visual inspections or on measurements carried
out by operators, so it is not necessary to have personnel in charge of carrying out these
actions. In addition, it is based on accessible data, which makes it easier to implement in
factories. Secondly, it makes it possible to detect wear in real time, which makes it possible
to intervene before failures occur in the welding gun, unlike current systems based on
periodic maintenance.


The main disadvantage present in the proposed method is the need to have to recalcu-
late the covariance matrices for each welding gun for both Algorithm 1 and Algorithm 3. This
increases the computational cost and increases the probability of system execution failure
due to, for example, the covariance matrix not being reversible. In this research, a compari-
son has been made between two different methods for calculating the distances between
the resistors; however, it would be necessary to make a comparison with other, different
methods to establish to a greater extent which ones present a more adequate behaviour for
the detection of the secondary wear.


In short, this innovative system is an efficient and accurate way to detect incipient
wear on welding guns. It can improve efficiency and quality in the welding process and
has several advantages compared to other wear detection methods.
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Abstract: Electrode misalignment, produced by mechanical fatigue or bad adjustments of the welding
gun, leads to an increase in expulsions, deformations and quality problems of the welding joints.
Different studies have focused on evaluations of the influence of a misalignment of the electrodes
and the final quality of the weld nugget. However, few studies have focused on determining
a misalignment of the electrodes to avoid problems caused by this defect, especially in industrial
environments. In this paper, a method for performing the condition monitoring of electrode alignment
degradation was developed following previous research, which has shown the relationship between
the misalignment of short-circuited electrodes and the magnetic field generated by them. This
method was carried out by means of a device capable of measuring the magnetic field. Finally, an
integral system for the detection of misalignments in real production lines is presented. This system
set behavior thresholds based on the experimentation, allowing the condition monitoring of the
alignment after each welding cycle.


Keywords: resistance spot welding; magnetic field; condition monitoring; welding quality


1. Introduction


The welding process is one of the most used metal joining methods in the manufactur-
ing industry. Specifically, in the automobile manufacturing process, it represents more than
90% of all the welded joints of the bodywork [1–3]. The resistance welding process bases
its operation on Joule’s law, which states that when a current flows through the metal to be
melted with a certain resistance, heat is generated that melts the metal, causing the welded
joint [4–6].


Figure 1 shows the standard layout of a resistance welding spot, in which two copper
electrodes apply pressure and a current flows through the metal sheets to be welded. In
the manufacture of a car body, the metals to be welded are usually steel, with a resistance
greater than the resistance of the copper electrodes. As a result, heat is primarily generated
in the metals to be welded. In addition, as can be seen in Figure 1, the contact resistance
between the sheets, R4, is even greater than the resistance of the sheets themselves, R3–R5.
This allows a nugget to begin to be formed between the metal sheets. The electrical circuit
can be summarized in seven resistances from the flow of the current from one electrode to
another: the resistance of the electrodes (R1 and R7); the contact resistance of the electrode
and the metal sheet (R2 and R6); the self-resistance of the metal (R3 and R5); and the contact
resistance of the metal sheets [7–9].


Bearing in mind these seven resistances, it can be affirmed that each one of these
resistances has a fundamental role in the generation of heat and its distribution during the
welding process. In short, each one of these resistances has a crucial role in the weld quality.
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Figure 1. Layout of the resistance welding process.


Consequently, different authors have investigated how to guarantee or evaluate the
quality of a weld based on these resistances, mainly in those resistances that are more
critical and variable such as the contact resistance between the electrode and the sheet
(R2 and R6) and the resistance caused by contact between the sheets (R4). Regarding
contact resistance, Chen et al. [10] showed a coating designed as a barrier to prevent the
electrodes from alloying with the Zn coating and causing degradation by pitting or erosion,
reducing the variations in the contact resistance. Other studies have shown the importance
of keeping the geometry of the electrodes constant to reduce variations in the diameter of
the active face of the electrodes, either due to excess dirt or mushrooming [11–16]. In the
same way, the contact resistance between metals (R4) has a great importance in the different
research that has been carried out; i.e., different authors have focused their studies on the
influence that the gap between sheets has on the final quality of the welding point [17–19].


In this study, we focused on the detection of problems in the contact resistance of
electrodes, specifically those related to the alignment of the electrodes.


Electrode Misalignment


Eventually, due to mechanical fatigue, electrodes lose their working axis, presenting
angular (α) or axial (δ) displacements with respect to their reference axis. This defect, shown
in Figure 2, is known as misalignment. An electrode misalignment provokes unfavorable
characteristics during the welding process as well as in the quality of the welded joints.
Misalignments, whether axial or angular, can cause irregularly shaped welds as well as
a reduced weld size and projections due to an asymmetric distribution of the force and a
change in the contact surface [20–28].


Figure 2. Electrode alignment status. (a) Aligned electrode. (b) Axial misalignment. (c) Angular
misalignment.


This research focused on the detection of an axial misalignment, as shown in Figure 2b,
because it is more common in production lines but it could be extrapolated to any type of
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misalignment. As mentioned previously, a modification of the contact surface is caused by
a misalignment and it is expressed by the equation of the contact surface (Ca) (Equation
(1)), from which it can be deduced that the greater the misalignment, the smaller the contact
surface between both electrodes.


Ca = 2r2 sin−1


√1 −
(


δ


2r


)2
− δ


√
r2 −


(
δ


2


)2
(1)


where r represents the radius of the tip of the electrodes and δ is the misalignment between
the electrodes.


Hence, the alignment of welding electrodes has a major impact on the quality of the
spot welding joint. As a result, it is fundamental to analyze the alignment condition for
each welding gun.


2. Research Objectives


The aim of this research was not only to find a relationship between misalignments
and a measurable physical variable, but also to find a complete system for measuring and
detecting the alignment state in real-time that was applicable to high-production factories
by means of resistance welding.


Several authors have proposed methods for the detection of electrode misalignments
in the resistance welding process. Li et al. [29] discovered a method for detection by
means of an image analysis. The results obtained by this method suggested that it was
possible to determine if the electrodes were properly aligned. The main disadvantage of
the use of images resides in the cost of the implantation of the cameras and their integration
into productive lines. In addition, due to the environment in which the cameras are
located, continuous maintenance is needed to prevent the lenses from getting dirty or the
measurements from being miscalibrated. For these reasons, the implementation of this
method in a high-production factory is not feasible. On the other hand, Xing et al. [30]
presented in their research different methods to determine the state of alignment of the
electrodes. One was based on the analysis of images of the carbon footprint of the electrodes,
presenting the same disadvantages as the previous method; a second method studied the
displacement of the electrodes and the applied force. The main drawback of this last
method was that not only was the misalignment of the electrodes analyzed, but also the
general conditions of the state of the electrodes, making difficult to determine if the change
in conditions was due to a misalignment or other mechanical defects. Finally, Lee et al. [31]
proposed a method for the detection of an angular misalignment by means of machine
learning. Specifically, the proposed method used the signals of dynamic resistance, voltage
and current to extract the critical features for training a neural network. Despite the good
results of this research, the high processing and computing capacity required for each
welding gun makes its installation complex in a high-production industry, necessitating
training for each welding gun.


Therefore, the objective of this research was to find a method for the detection of
misalignments. This method had to be robust, implantable and focused on the alignment
of the electrodes.


In previous investigations, an initial method for the detection of misalignments by
measuring magnetic fields was proposed. First, the theoretical influence between the
state of the alignment of the electrodes and the magnetic field generated by them was
investigated [32]. By reducing the electrodes to a wire with a constant current density,
it could be stated that the behavior of the generated magnetic field followed Ampere’s
law [33,34], where the magnitude of the magnetic field fundamentally depends on the
distance toward the origin of the magnetic field; in this case, the center of the contact
surface of the electrodes. When a misalignment appeared, the center of the magnetic field
moved in the same direction as the misalignment. This provoked an asymmetry in the
generated magnetic field compared with the perfectly aligned electrodes,Figure 3.
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Figure 3. Magnetic field generated as a function of the state of alignment of the electrodes.


If the center of the coordinates is considered to be the center of the aligned electrodes,
Ampere’s law can be summarized according to Equation (2):


B(R) =



µ0 I


2π(r− δ
2 )


2 R, R < r − δ
2


µ0 I
2πR , R > r − δ


2


(2)


where r is the radius of the active face of the electrodes, usually 6 mm; R is the distance to
the center of the generated magnetic field and δ is the magnitude of the misalignment in
the direction of R.


To confirm the robustness and the influence of other mechanical defects, the behavior
of the magnetic field generated for each of the different possible mechanical defects was
studied [35], verifying that the influence of a misalignment was greater than any other
mechanical defect studied.


In conclusion, what was sought in this last phase of the investigation was to apply the
previous investigations in a real industry, presenting a system capable of being integrated
into high-production lines of the automobile industry in an effective and efficient way.


3. Material and Methods
Electrode Misalignment Detection Device


To measure misalignments, a device capable of measuring the magnetic field was
developed. In addition, according to the objectives of this research, the device was also
capable of being integrated within the idiosyncrasy of a factory, being easily installable and
allowing interactions with the other components involved in production (e.g., PLC and
databases).


The magnetic field measurements were carried out by means of four hall effect sensors,
specifically SS49E [36] manufactured by the Honeywell Corporation. These were used in
the device due to their range of measurements as well as their linearity and bipolarity. The
measurements were made by the four hall effect sensors, which were located antiparallel in
such a way that the values were collected in the four Cartesian axes, as shown on the PCB
in Figure 4.


To obtain the magnetic field value, the following protocol was followed. The electrodes
were milled after a certain number of welding points in order to keep their geometry
constant. Once the electrodes were milled, they were short-circuited in the middle of the
circumference of the PCB. When the electrodes were in position, a current then flowed
between them, generating a magnetic field that was measured by the four hall effect sensors.
These four sensors measured the magnetic field and converted that value into a voltage,
according to Figure 5. The objective of the measurement of the magnetic field was not to
quantify it, but to determine the variations in the acquired values; therefore, the use of the
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unit of the magnetic field in mT or in mV was indifferent. For this reason, and throughout
this paper, the value in volts of the magnetic field was taken as the unit of measurement of
the magnetic field.


Figure 4. Hall effect sensor PCB.


Figure 5. SS49E transfer characteristics.


The magnetic field values were acquired by a microcontroller based on the ESP32 that
received the information, calculated the magnetic field difference in each axis and then sent
the values to the PLC. Figure 6 shows the communication protocol between the device and
the database. The data were acquired by the device and sent to the gateway through the
LoRaWAN communication protocol, which in turn sent the data to the PLC. Finally, the
PLC acted as a gateway between the LoRa gateway and the database in which the data
were stored to be analyzed.


Figure 6. Scheme for sending the data collected during the check.


4. Experiment and Results


For the method and device performance validation, the device was installed in a real
production station so that it could be validated under real operating conditions. The data
collected during the misalignment check were stored and analyzed in the database. Initially,
a calibration of the data was carried out on the basis that the initial data corresponded with
the correct operation of the welding gun. Filtering and outlier elimination methods were
applied to these data.


As mentioned above, the magnitude of the magnetic field depended on the direction
in which the misalignment occurred. Thus, to determinate the state of the misalignment,
the magnetic field values collected on the x-axis and y-axis were independently analyzed.
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To check for a correct operation, an ARO 3G gun with 16 mm type-F electrodes
was used, according to DIN EN ISO 5821 [37]. This experiment was carried out inside a
production welding gun to approximate the study to a completely real case, as can be seen
in Figure 7.


Figure 7. Location of the device in the production line.


To verify a real operation, according to the theory and the simulations carried out in
previous investigations [32], an experiment was carried out that modified the alignment of
the electrodes. In total, seven different cases of alignment on the x-axis were performed, as
shown in Table 1 and Figure 8.


Table 1. Summary of experimental cases based on alignment status.


Case 1 2 3 4 5 6 7


δ (mm) 0 0.9 2.6 4.3 −1.5 −2.4 −3.6


Figure 8. Alignment status for each of the experimental cases.


For each of the cases described above, a series of checks were made to verify that
the variations in the magnetic field generated depended on the state of the alignment of
the electrodes. As mentioned previously, the misalignment detection device calculated
the average magnetic field of each of the sensors for each check and sent the difference
between the axes to the welding database. In Figure 9, two different graphs can be seen,
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one corresponding with the values of the magnetic field on the x-axis (Figure 9a) and the
other corresponding with the values of the magnetic field on the y-axis (Figure 9b).


Figure 9. Experimental result: magnetic field generated for each of the cases. (a) Magnetic field
measured on the X-axis. (b) Magnetic field measured on the Y-axis.


Figure 9a shows how Case 1 corresponded with the magnetic field data for a few
aligned electrodes, with values close to 0 mV due to the initial calibration. If Cases 2, 3
and 4 were compared, as the misalignment on the x-axis increased, the magnetic field
values also increased. This was because each time the center of the magnetic field was
closer to the measurement sensor located on the x+, it was increasingly further away from
the measurement sensor located on the x-axis. When Cases 5, 6 and 7 were observed, the
misalignment occurred in the reverse direction—that is, in the direction of the measurement
sensor located at x-and the absolute value of the magnetic field increased. On the other
hand, as shown in Figure 9b, it could be seen that the magnetic field values were very
similar, regardless of the case of misalignment.


The global behavior of the generated magnetic field is reflected in Figure 10. This
figure shows the values of the magnetic field measured on the X-axis and Y-axis. It could
be seen that there was a variation mainly in the values of the magnetic field on the X-axis,
varying from the maximum value of 50 mV to the minimum value of about −40 mV.
From Figures 8 and 9, it could be concluded that there was a direct relationship between
the state of alignment of the electrodes and that this mainly affected the magnetic field
measurements taken in the axis in which the misalignment occurred.


Figure 10. Magnitude of X-Y magnetic field generated by each case.
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Several statistical variables such as the mean and the standard deviation could also
be obtained from these calculated data. This statistical study allowed the analysis of the
behavior of the data and their variability within the same alignment state. These statistical
calculations are shown in Table 2.


Table 2. Standard deviation and average for each axis in each experimental case.


Case 1 2 3 4 5 6 7


x (mV) −0.8 13.4 30.7 45.2 −15.7 −28.1 −38.8
y (mV) 1.7 −1.8 −2.7 −6.8 −6.5 −9.2 −10.8
σx (mV) 2.2 2.5 2.3 1.9 2.2 1.6 1.0
σy (mV) 2.2 4.7 2.9 2.7 1.8 1.8 2.4


Two main conclusions could be drawn from Table 2. First, the averages of the values
on the x-axis and y-axis served to confirm, once again, that the method was able to detect
changes in the alignment of the electrodes; and second, that the dispersion was similar,
regardless of the case of the particular study. This guaranteed an acceptable repeatability of
the device measurements, thus avoiding false alarms caused by dispersion in the measure-
ments. Despite this, in Case 2, it could be seen that there was a greater variation in the data;
this may have been due to variations in the milling characteristics [35].


5. A Real Case Implementation


Once a device capable of detecting the misalignment of electrodes by means of mag-
netic fields had been designed, and following the objectives sought with this research, a
system for the detection of misalignments in high-production lines was designed.


Based on this objective, an acquisition, processing and sending alarm system was
designed for the installation of devices in a production line.


For this purpose, the system designed by Garcia et al. [38] for the communication of
industrial equipment with an analysis database was followed. In this particular case, the
data came from the misalignment detection sensors; these were sent through LoRa to the
gateway that provided the data to the PLC. Once the data were in the PLC, they were sent
to the database for storage and a subsequent analysis. This is summarized in Figure 11.


Figure 11. Alarm-sending scheme.


The alarm-sending system followed the following process. First, during the installation
of the devices, the state of the alignment of the electrodes was visually checked in such
a way that it could be established that the initial measurements corresponded with an
electrode in good condition. These values served to eliminate the offset of the measurements
in such a way that when the electrodes were aligned, the magnetic field values in x and y
were close to zero.
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As has been seen throughout the previous sections, the magnitude of the magnetic
field depended on the direction in which the misalignment originated. For the validation
of the method, it was necessary to independently analyze the x and y components of the
magnetic field. However, for the misalignment detection and alarm-sending system, it
was only necessary to know when the magnetic field varied regardless of the direction in
which the misalignment occurred. This was because the operator would have to repair the
condition of the electrodes regardless of the direction of the misalignment. Therefore, the
magnitude of the magnetic field vector was calculated from the x and y values, which was
the value on which the alarms and pre-alarms were set.


The method of setting the alarms was based on previous experimentation. Figure 12
was obtained from the calculation of the value of the vector for each of the cases. This
figure represents the value of the magnitude of the magnetic field vector for each of the
misalignments carried out in the Experiment and Results section.


Figure 12. Magnitude of the magnetic field as a function of the misalignment of electrodes.


Based on the values obtained in Figure 12, the alarm and pre-alarm values were
established. Assuming that the acceptable misalignment limit was 1 mm, a pre-alarm value
could be obtained from the equation of the straight line, giving an approximate result of
13.7 mV. Regarding the alarm, it was considered to be a serious status of misalignment
above 2 mm; thus, the alarm value was set at 23.8 mV.


In this first implementation, seven devices were installed within a production line to
finally validate the complete system for detecting changes in the alignment of the electrodes
(Figure 13). For the start-up of the devices, the initial alignment of the seven welding guns
was checked, creating the offset for the start of the alarm system.


Figure 13. Production line device installation.
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The welding robot was programmed so that after carrying out the entire process of
milling the electrodes, it performed an alignment status check after a certain cycle of points.
To carry out the check, the same configuration as in the experimental test was followed,
setting the check values at 8 kA for 200 ms.


For the analysis of the alarm system, two different graphs were obtained for each
of the devices. Figure 14a shows the magnetic field values of x and y in the coordinate
axis during a given period, also showing the pre-alarm threshold in yellow and the alarm
threshold in red. Figure 14b shows the series of checks carried out in which temporary
trends and behaviors can be observed. The alarm and pre-alarm limits established in the
previous section are shown in the same way. As can be seen, during all the checks, the
magnetic field values were within the thresholds of good operation in such a way that it
could be stated that this welding gun did not suffer from electrode alignment problems.


Figure 14. Data obtained from a welding gun in good condition from a production line. (a) Magnetic
field axes X and Y. (b) Data series of the magnitude of the magnetic field.


In contrast to the graphs of Figure 14, the data obtained for a welding gun with
alignment problems are shown in Figure 15. Figure 15a shows how many of the checks
carried out obtained a value greater than the pre-alarm threshold, classified as abnormal
behavior. Likewise, a number of points were located above the alarm threshold; these
became a critical work area and, therefore, required corrective maintenance actions.


Figure 15. Data obtained from a misaligned welding gun from a production line. (a) Magnetic field
axes x and Y. (b) Data series of the magnitude of the magnetic field.
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In the same way, observing Figure 15b, at around check 200 there was a significant
increase in the values of the magnetic field, exceeding the pre-alarm threshold established
at around 13.8 mV. This increase was due to a collision between the robot and the milling
machine that ended in a mismatch in the alignment of the electrodes. As the checks
continued, at around check 2000 the condition of the electrodes worsened and all the
checks were above the alarm threshold. Once the maintenance tasks for the reorientation
of the electrodes to their original alignment position had been carried out, at around the
2500 check the magnetic field values were positioned below the pre-alarm and alarm values,
thus returning them to normal operating values.


In conclusion, when comparing the behavior of the welding guns in the production
lines, it could be determined that this system met the requirements to be implemented in
production lines, as it was able to differentiate between the behaviors of perfectly aligned
guns, guns with the beginning of a misalignment and totally misaligned guns.


6. Conclusions


This paper investigated the relationship between the alignment of electrodes and
the magnetic field generated by welding guns in order to find a reliable method for the
detection of this mechanical defect in high-productivity production lines, specifically in the
car industry. The main conclusions that were drawn on the basis of the study were:


(1) The contact area of the electrodes varied when there was a misalignment of the same;
this generated a variation in the magnetic field generated when a current flowed
through them.


(2) When measuring the magnetic field always at the same point, the value of the mag-
netic field changed depending on the amount of misalignment present between both
electrodes of the welding gun.


(3) It was possible to measure the magnetic field of a welding gun with the proposed
device, obtaining magnetic field values in the Cartesian axes.


(4) A reliable protocol for sending alarms was proposed, sending the values through
LoRa to the data analysis software. Based on the experimentation, alarm thresholds
were established that were capable of determining when a misalignment occurred.


In short, a real solution was given in this paper to the problem of misalignments in
production lines, not only presenting a method capable of detecting misalignments in
real-time, but also a system that can easily be integrated into high-production lines of the
automobile industry, thus presenting real cases of success of the implantation.
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Abstract: Resistance spot welding is one of the most widely used metal joining processes in the
manufacturing industry, used for structural body manufacturing, railway vehicle construction,
electronics manufacturing, battery manufacturing, etc. Due to its wide use, the quality of welded
joints is of great importance to the manufacturing industry, as it is critical for ensuring the integrity
of finished products, such as car bodies, that withstand high levels of stress. The quality of the
welding is influenced both by the programming of the welding and by the good condition of the
mechanical part that carries out the welding. These mechanical factors, such as electrode geometry
and wear, degrade over time. As the welding points are made, the geometry and properties of the
electrodes change, so they undergo a milling process to remove impurities and return them to their
initial geometry. Sometimes the milling is deficient, and the electrode continues to wear, causing
welding problems such as loose spots and metal spatter. This article presents a method for condition
monitoring of the milling process and weld wear based on existing data in real production lines. The
use of unsupervised clustering methods is proposed to perform a check by which, using current
and resistance data, the electrode wear is grouped. Specifically, a method using multidimensional
k-means for the condition monitoring of electrode wear is established. This research gives a real and
applicable solution for reducing the quality problems caused by milling defects and electrode wear
in the production lines of high-production manufacturing industries, presenting a system for sending
alarms based on the behavior of welding variables.


Keywords: resistance spot welding; electrode wear; condition monitoring; milling machine;
unsupervised clustering


1. Introduction


Resistance spot welding is one of the most important joining processes in the metal-
lurgy industry due to its efficiency and suitability for automation [1]. Specifically in the
automotive industry, modern auto-body assembly needs 7000 to 12,000 spots of welding,
and, thus, resistance welding plays a crucial role, representing approximately 90% of the
welded joints carried out for body assembly [2].


The welding process can be summarized very simply; the sheet of metal to be welded
is placed between water-cooled electrodes and then heat is obtained by passing a large
electric current through them for a short period of time [3].


Although this process can be summarized in a very simple way, in reality, there are
many factors that affect the achievement of the desired quality. Many programmable
parameters affect weld quality. These parameters are given by Joule’s law and are the
welding time, the current and the resistance, which is related to the pressure achieved by
the electrodes [4]. These parameters must be configured to achieve the desired quality and
stability over time. In addition, several factors play an important role in the quality of
the weld, such as voltage fluctuation, the misalignment of electrodes or loss of electrode
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pressure. The shared characteristic of these factors is that they do not change during the
lifetime of the welding electrodes and can be better controlled by a better welding controller
or machine maintenance [5].


However, another parameter is inherent to the number of welds performed throughout
the life of the electrodes: wear. The wear of the electrodes increases as the number of
welds increases, modifying both the electrical and thermomechanical properties between
the electrodes and the sheets. There are special cases in which this wear is even more
pronounced, in particular, in those cases in which the sheets are coated with zinc or when
sealer is used between the sheets to be welded. These special cases tend to stick to the
copper electrodes, thus, causing a further increase in wear [6].


The heating of the metal can be described according to Joule’s law, represented in
Equation (1), where Q is the heat generated during welding by passing a current (I) along
the metal–metal and metal–electrode resistance (R) over a period of time [7]:


Q = I2Rt (1)


In Figure 1, it can be seen schematically, as in resistance spot welding, that three
different types of process resistance determine the resistance represented by Joule’s law:
contact resistors R3, R4 and R5 between sheet metal resistors R1 and R2. Contact resistance
refers to the resistance generated at the interface between the electrode and the metal sheet
(R3 and R5) and the resistance between the metal sheets (R4). The resistance of the sheets is
determined by the resistivity and the thickness of the metal. Normally, these resistances
are higher than the contact resistance between the electrodes, which causes the fusion to
begin at the union of the two metals [8].
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Figure 1. Resistances involved in a resistance spot weld.


From Figure 1, it can also be concluded that good contact between the electrodes
and the metal is essential so that the electrode–sheet contact resistance is lower than the
metal–metal resistance in such a way that the fusion begins between the metal-to-metal
contacts. This bad contact between the electrodes and the metal can be due to different
circumstances: misalignment of the electrodes, bad programming of the position of the
welding point, dirt on the metals, deformation and wear of the electrodes, etc.


To avoid and correct the wear of the electrodes, a series of milling operations are
carried out throughout the electrodes’ useful life. Sometimes, these mills fail to reshape
the electrode, leaving dirt in the capsule or leaving the electrode with a different shape to
the desired one. This causes the contact resistance to vary, and, in addition, an increase
in welding quality problems, such as small, deformed or even non-existent nuggets. Due
to the increase in resistance and, therefore, the increase in heat, metal ejections can occur
during welding, causing a quality and safety problem in the production line [9].
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2. Electrode Wear and Milling


Electrode wear is one of the most important issues to research in the resistance welding
process. Specifically, studies have focused on determining the factors that influence the
appearance of electrode wear. First, Tanaka et al. [10] found that electrode wear could
be reduced by increasing the nickel content of the metal foils. In this same line, Rashid
et al. [11] demonstrated how a good choice of lubricant coated on the metal sheets could increase
the useful life of the electrodes. Similarly, different authors have described the relationship
between the different welded materials and the useful life of the electrodes [12–16].


In the same way, the decrease in welding quality caused by the wear of the electrodes
has been widely investigated. The reduction in quality is determined by the increase in the
diameter of the contact face of the tips [17]. This is because the increase in the diameter of
the tip of the electrode, which results in a reduction of the heat generation of the welding
joint, causes a decrease in the electrode and is the main reason for the decrease in the size
of the nugget [18].


The deposition of the metal coating on the copper electrodes generates a change in
the properties of the electrode and, therefore, the wear of the tips [19]. In addition to the
reduction of the size of the nugget, the wear of the electrode is of great importance in the
presence of weld ejections and other quality defects and can be the cause of 60% of quality
problems [20].


Finally, due to the great importance of this defect, different authors have proposed
methods for estimating wear or evaluating it. Gauthier et al. [21] and Raoelison et al. [22]
demonstrated a method for the numerical modeling of electrode wear which is useful
for theoretical estimation but can hardly be applied to real cases where different factors
interfere, such as mechanical problems or changes in the production process. Peng et al. [23]
proposed the use of images for the analysis of the degradation of the electrodes; the main
disadvantage for the application of this system in large production factories is the cost
associated with the acquisition of the equipment.


On the other hand, Zhang et al. [24] proposed the use of electrode displacement to
determine electrode wear; the discussed method provides a convincing solution but can
only be carried out in those welding guns that have an integrated measurement system for
electrode displacement, something that is usually lacking in pneumatic welding guns.


Finally, Zhou et al. [25] presented a method based on the analysis of dynamic resistance
during welding to determine wear. The main disadvantage of this study is that it assumed
that the dynamic resistance trend depends only on the wear of the electrodes when, actually,
this variation can depend on different factors, such as the final quality of the welding point,
as stated by Zhao et al. [26], or the temperature and pressure, as stated by Whang et al. [27],
among many other factors.


All these proposed methods were based on the premise that, after performing the milling,
the electrodes return to their original geometric state. On multiple occasions, due to mechanical
problems of both the welding gun and the milling machine, such as blade wear or issues with
milling, as shown in Figure 2, the restoration of the geometry does not occur.
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Therefore, the objective of this research is not to propose a system that only determines
the wear of the electrode, but one which determines the milling problems that may occur
during the production process; that is, the main objective of this research is to avoid the
quality problems caused by the wear of the electrodes.


3. Materials and Methods


For the creation of the milling problem detection system, it was essential to be able to
relate a real variable to an existing defect; this variable had to be acquired and treated to
then proceed to the analysis and the elaboration of a data analysis system for evaluation.


Specifically, due to its existing relationship, the use of the measurement of the elec-
trode resistance is proposed for subsequent preprocessing with normalization and feature
extraction to later carry out an unsupervised classification method. This allows the setting
of detection thresholds based on the behavior of the resistance data.


3.1. Electrode Resistance Measurement Method


Electrode wear is one of the essential external factors that determines the stability of
weld joints in the resistance welding process.


To avoid these quality problems, after a certain number of welding points, a shaping
of the tips is carried out by means of a milling machine. This process can be automatic
or manual depending on the type of production line. Sometimes, due to a malfunction of
the milling machine, such as an issue with the cutter, a force problem in the welding gun,
poor positioning of the milling machine, etc., the electrodes are not well shaped. This is
a problem since, until the next milling or replacement of electrodes, they will continue to
function with inadequate wear, which can cause serious quality problems.


Figure 3 shows the real differences between electrodes after adequate milling and
those after defective milling. The electrodes in Figure 3a correspond to 16 mm type F
electrodes, according to DIN EN ISO 5821, before being milled for the first time. Figure 3b
shows some electrodes that, after executing a certain number of welding points, were
milled and returned to their original geometry. Finally, comparing Figure 3b,c, a clear
example of poor milling can be seen. In Figure 3c, the active face of the electrodes has been
partially cleaned, showing the dirt that generates quality problems.
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Due to this uncertainty regarding the good milling of the electrodes, a method was
established to measure the resistance after each milling is performed, acquiring the voltage
and the average current measured between the short-cut electrodes, as shown in Figure 4.
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This check is carried out at a constant primary voltage so that when there is a change
in the contact resistance of the electrodes (Re) due to the wear of the electrodes, the voltage
measured at the electrodes and the current vary according to Ohm’s law.


3.2. Data Adquisition


For this article, 650 welding guns located in a real production line were analyzed, as
well as a total of 100 millings carried out for each of the electrodes. The welding controls
used for the study were BOS6000 with medium-frequency transformers. Regarding the
welding guns, the analysis was carried out with no differences between pneumatic guns
and servo guns. Similarly, two different welding electrodes were used for the study, 6 mm
and 8 mm tip face electrodes, but, at the time of analysis, this difference was considered
insignificant for the detection of electrode wear.


In relation to the type of milling machine and electrode, milling machines with an
average speed greater than 290 min−1 and 25 Nm of torque were used to reset the geometry
of the electrode, capable of restoring the geometry of the electrodes according to DIN EN
ISO 5821 F1-16-20 [28].


For data acquisition, a pipeline system was implemented between the welding con-
troller and the database through the ELK stack [29]. In this way, a protocol was established
to send the welding data to the database every time a welding point occurred, which
allowed real-time data analysis, both for machine failure detection and, in this case, for the
performance of predictive analysis of weld quality.


For our case, the data acquisition protocol was established, as shown in Figure 5. In the
first place, once the maximum number of the welding joints that an electrode could make
was reached, keeping the welding quality constant, the electrodes were sent for milling.
When the milling was finished, the electrodes were short-circuited by passing a current at
constant voltage (PHA method). Finally, the data were stored in the database for further
analysis.
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the 650 welding guns were stored in the database.


In Figure 6, the data for two different welding guns are shown; it can be seen that the
average value of the resistance for each of the cases was different. The difference observed
was due to the characteristics of each of the guns, which depended on where the terminals
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of the voltage probe were located; they affected not only the resistance of the electrodes
but also the resistance of the welding arm. The data were always analyzed as normalized
data to eliminate this difference from the analysis. Therefore, the z-score normalization,
shown in Equation (2), was used. This normalization based on the mean and the standard
deviation allowed the reduction of variations if high current and resistance data series were
added to the analysis [30].


x′ =
x− x


σ
(2)
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with poor milling.


Similarly, in this preprocessing stage, the data were subjected to data cleaning. First,
the existing zeros in the time series were removed since those values were meaningless.
This is because, when problems appeared when carrying out the check or in the voltage
and current measurement probes, a zero was stored in the database. After eliminating the
zeros, the atypical data of the time series were calculated, and the outliers were eliminated,
for which the expressed formula in Equation (3) was used.


Max = Q3 + 1.5IQR
Min = Q1 − 1.5IQR


(3)


Once this signal was filtered, the feature extraction process was carried out. Feature
extraction in machine learning is a process of extracting significant attributes of the data.
Feature extraction allows the height of dimensions of a series of data to be reduced to a
smaller number of dimensions through unique mapping techniques [31].


For this study, the time series of both resistance and current were reduced to five
statistical variables, which allowed the reduction of the dimensions by eighty times for
each signal. The calculated variables were:


• The coefficient of variation (CV): the ratio of the standard deviation to the mean;
• Quartile Q1;
• Quartile Q3;
• Inter-decile range (IDR): the difference between D9 and D1;
• Median.


As there were two summary signals, in total we had 10 statistical variables as an
input dataset for each welding control. The input dataset for the k-mean algorithm was
a 650 × 10 array of values. Finally, before proceeding to k-means, the input dataset was
standardized to obtain a more precise result in the next section.
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3.4. K-Means Clustering


In this research, the use of unsupervised clustering using k-means was proposed,
Algorithm 1. In general, for this method, the optimal number of clusters for the existing
amount of data to be processed is selected first. This parameter represents the number of
desired groupings.


Algorithm 1: K-means Clustering.


Input:
X = {x1, x2, . . . . . . , xn } (input data)
k (number of clusters)
Output:
C = {c1, c2, . . . . . . , ck} (set of cluster centroids)
Initialization:
for each ci є C do:
ci ← xj є X (random selection)
while: Convergence or max iteration reached
for each xi є X do:
minDist← minDistance(xi, cj) j є (1 . . . k);


(based on Euclidian distance 1
n ∑(minj d2


(
xi,cj


)
) for i = 1 to n)


UpdateCluster(ci)


Based on the dataset, the k-means groups them in the programmed number of clusters k,
assigning them to the closest centroid. Finally, the algorithm returns both the cluster and the
respective centroid. Starting from an initial, non-optimized grouping, the algorithm relocates
each point to the nearest new center. It then updates the centers of each cluster based on the
mean of the points, repeating this relocation and updating the process until the convergence
criteria are satisfied; this process is summarized in the flowchart of Figure 7 [32–34].
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One of the main advantages of using k-means and unsupervised learning is that it is
not necessary to have labeled data. In this study, the population of equipment analyzed
was large and varied, which is why it was difficult and inaccurate to label each series
of data with the current state of the machine. In this way, it was not necessary to know
the characteristics of each of the possible faults that may occur in the milling or in the







Sensors 2022, 22, 4311 8 of 14


electrodes, but rather the k-means algorithm, based on the behaviors, assigned each series
of data to each cluster.


The purpose of this analysis was to detect any variation in the milling process through
its influence on the k-means clustering algorithm. In this case, three different data behavior
clusters were expected, and we aimed to establish three machine status criteria: alarm,
pre-alarm and good status.


As previously mentioned, the ten statistical variables calculated for the simplification
of the model were used as an input dataset for the k-means clustering algorithm. There
are different techniques to determine the optimal number of clusters, such as silhouette
width, AIC [35] and BIC [36] within the sum of the square (WSS) [37] and NbClust [38]. In
this investigation, given that the performance of the AIC and BIC techniques decreases as
the dimensionality of the data increases [39] and that the NbClust technique has higher
precision than the WSS technique, the optimal number of clusters was identified by the
NbClust technique. Specifically, as can be seen in Figure 7, the NbClust function for the
input dataset discussed above gave the optimal cluster number for the k-means of the three
clusters.


In Figure 8a, the result of the average silhouette technique for choosing the optimal
number of clusters is shown; it can be seen that the results for two and three clusters were
very close, although the test showed that two was the optimal number of clusters. The
same is observable in Figure 8c; although the values of two and three were similar, this
technique stated that the optimal choice was two clusters. On the other hand, using the
elbow method, as shown in Figure 8b, it was observed that the optimal number of clusters
was between three and four clusters. Finally, in Figure 8d, corresponding to the results
of the NbClust method, it can be seen that the number of optimal clusters was between
two and four, obtaining the highest result for three clusters. Therefore, based on these
four analyses and taking into account the greater reliability of the NbClust method, it was
established that the optimal number of clusters in this study for the input dataset was three.
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4. Evaluation and Results


Throughout the previous section, the methodology used, the signals that were ana-
lyzed and their dimensional conversion into statistical variables were shown, ending with
the method used for clustering and the optimal number of clusters for the proposed dataset.


This section shows the results obtained after using k-means for the grouping of the
input dataset. First, the statistical data of each cluster generated were analyzed to determine
the behavior corresponding to each cluster.


Table 1 shows the average distance between the points per cluster pair and the distance
between the centers of each of the clusters. Several conclusions can be drawn from these
values; the distance between centroids was greater between cluster 2 and cluster 3, so
cluster 1 could be considered as the central cluster of data deviation, establishing itself as
the pre-alarm cluster. Similarly, it was observed that the distance between cluster 1 and
cluster 2 was greater than the distance between cluster 2 and cluster 3. This suggests that,
due to the dispersion of the data, cluster 2 could be the cluster of points in alarm state.


Table 1. Matrix of separation values between all pairs of clusters and distance between centroids.


Cluster
1 2 3


Separation Centroids Separation Centroids Separation Centroids


1 0.00 0.00 0.98 5.66 0.48 3.11
2 0.98 5.66 0.00 0.00 3.70 8.10
3 0.481 3.11 3.70 8.10 0.00 0.00


Table 2 shows the centroids obtained by k-means for each of the input variables; these
centroids are the ones that were used to assign the membership of the checks to each cluster
and, therefore, their alarm status.


Table 2. Cluster centroids for each dimension.


Cluster C CV C Q1 R CV R Q1 C Q3 R Q3 IDR R C Q2 R Q2 IDR C DIM 1 DIM 2


1 0.71 0.64 0.48 0.65 −0.66 −0.62 0.83 −0.16 0.25 0.82 −1.58 −0.18
2 2.23 2.19 2.11 2.39 −2.39 −2.15 1.96 2.42 −2.61 1.83 1.86 0.67
3 −0.60 −0.55 −0.45 −0.57 0.58 0.54 −0.65 −0.11 0.07 −0.63 6.69 −2.26


To simplify the cluster plotting process for analysis, these centroids were dimension-
ally reduced from being ten dimensions, one for each input variable, to two dimensions.
These two dimensions were obtained by means of PCA [40]. In Table 2, this reduction in
dimensions can be observed with the centroids for dimension 1 (DIM 1) and dimension 2
(DIM 2).


To continue with the analysis of the results, the graphs in Figure 9 were analyzed. In
this figure, the clusters are represented after their dimensional reduction to two unique
dimensions, DIM 1 and DIM2, in order to plot a simpler graph. In the figure, four graphs
are represented; two of them show the density distribution for each dimensional reduction.
With the help of these two graphs, it can be concluded that, in cluster 3, there were data
of those guns with a more stable milling and, therefore, they were correct. This can be
confirmed since, observing the distributions of cluster 3 in both dimensions, it can be seen
that there was a lower dispersion and a greater normality compared to the other clusters.


In the same way, following the same reasoning as for cluster 3, it was established
that cluster 1 represents the millings that begin to be deficient, while cluster 2 groups
the deficient millings that start to create quality problems in the welding points due to
excessive wear of the electrodes.


Finally, Figure 10 shows the current graphs corresponding to each of the clusters. In
Figure 10, three current curves grouped in cluster 3 are shown, which correspond to correct
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operation; if compared with Figure 10a it can be observed that the curves of both graphs
have a low dispersion and a stable behavior.
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Figure 10b,c shows the current curves for clusters 1 and 2, respectively. From their
analysis, it can be concluded that, as the data are assigned from pre-alarm cluster 1 to alarm
cluster 2, the curves begin to show greater variance instability, which is an unequivocal sign
that the electrodes presented a problem in milling and, therefore, increased wear, which
will inevitably turn into quality problems at the weld point.


5. Application of the System for Real-Time Detection


This research was not only focused on finding a method that allows the detection of
milling problems. The high production rate of manufacturing factories makes it essential
that production defects are evaluated in real time. This allows the reduction of costs caused
by having to repair products manufactured with poor quality since early detection can
reduce the number of poor-quality products manufactured.
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The clustering method for the detection of milling problems and electrode wear groups
the behavior of the data series in three differentiated clusters: correct operation, pre-alarm
and alarm. These three clusters, therefore, allow an algorithm to evaluate and label the
status of each of the welding guns in a factory. The real-time detection system is designed
to analyze each welding gun in particular and send the operators in charge of that welding
line the alarm so that the defect and its possible consequences can be repaired.


As mentioned in the previous sections, a communication structure is necessary be-
tween the welding equipment and the database so that the data from all the welding
equipment is accessible from the data analysis software. The system for detecting milling
problems and electrode wear first collects resistance and current data from each of the weld-
ing equipment, labeling those controls that do not have enough data due to communication
problems. Next, the extracted data are normalized, as described in the previous sections,
and the dimensional reduction of input variables is carried out.


Once the reduction of the time series to the ten input variables has been carried out,
the cluster each one of the analyzed pieces of welding equipment belongs to is determined.
The assignment of each cluster is carried out by calculating the distance between each point
with respect to the centroids of each of the clusters.


The assignment of each of the clusters determined after measuring the distance to each
of them allows each piece of the welding equipment to be labeled according to its status
in such a way that the welding equipment that is assigned to cluster 3 presents correct
operation, and those in cluster 2 are in alarm and, therefore, require corrective action to be
carried out.


Finally, once it has been determined that the welding guns have a behavior typical
of electrodes with high wear, the alarm dispatch system is carried out to the production
lines. In this case, a publish/subscribe protocol based on AMQP is established [41]. This
protocol allows the sending of messages in specific queues. In this case, queues managed by
RabbitMQ are used, which allows the sending of alarms through Webex to those in charge
of repairing the conflicting equipment. The system is like the one proposed by García and
Montes [42] for the acquisition of data from PLC in real time in factories, but, in this case, it
is not based on data stored in a PLC but rather the welding equipment itself stores the data
through Logstash, making it accessible from the data collector. In short, as described in
Figure 11, the proposed system collects data directly from the real production lines and,
after data processing, can label defects and send alarms for the repair and correction of
quality problems produced.
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6. Conclusions


This research presents a novel method for the detection of milling problems and
electrode wear using unsupervised clustering methods. Throughout this article, the re-
lationship between the serial time data of resistance and the variation of the mechanical
properties of the electrodes was described.


Despite working with time series, feature extraction was carried out to reduce di-
mensionality, which allowed the reduction of the number of input inputs of the clustering
algorithm. This also allowed the input data to be scaled so that they were not influenced by
the resistance differences existing in each welding gun.


The main advances obtained from this research were the following:


• A method for detecting the relationship between welding variables and milling state;
• An alarm system, where pre-alarm status and correct operation are established accord-


ing to the output of the clustering algorithm;
• A system for the collection of data in a welding line that allows the realization of data


analysis in real time, both for this investigation and for future investigations.


Despite the advances described, the system is still not capable of differentiating
between types of fault. Different mechanical factors influence milling problems, such as
worn blades, transformer secondary circuit problems, etc. The objective of future work in
this investigation should go from the cataloging of faults as alarm, pre-alarm and correct
status to a fault labeling system based on behavior pattern. In the same way, throughout
this investigation, unsupervised learning methods were used due to the characteristics of
the sample, but, in future works, we expect to continue in the line of experimentation with
other analysis methods that could improve the detection system.
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