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Abstract— Resistance spot welding is used to join two or more  The principle of this study can be seen in Figure 2. At
metal objects, and the technique is in widespread use in, for first, data from a new process are gathered and pre-processed
example, the automotive and electrical industries. This paper Previously collected data from different processes amadly

introduces the use of thek-nearest neighbours gnn) method ilable i datab Th dat d with
to identify similar welding processes. The two main benefits available In a database. € new data are compared wi

achieved from knowing the most similar process are: (1) the the data stored in the database and the most similar process
time needed for the set-up of a new process can be substantiallyis identified (process identification). After that, the damity
reduced by restoring the process parameters leading to high- measure is calculated between the new data set and the most
quality joints, and (2) the quality of new welding spots can gmjjar process. If the processes are classified as simalsed

be predicted and improved using the stored information of o
a similar process. In this study, the basicknn method was ©N the similarity measure, the database restores the groces

found to be inadequate, and an extension of thé&nn -method, Parameters leading to high-quality joints (the time neefded
called similarity measure, was developed. The similarity measure the set-up of a new process can be substantially reduced) or
provides information of how similar the new process is by using the methods optimal for quality control and improvemente Th

the distance to the k-nearest neighbours. Based on the results, yathods that were developed for a similar process work well
processes can be classified, and the similarity measure proved to .
enough with the new process.

be a valuable addition to the existing methodology. Furthermore,

process information can provide a major benefit to welding [N this study, the term 'process’ is used to refer to a welding
industry. event where certain materials are welded together usiriginer
machines and controllers. The parameters assigned tongeldi

Index Terms— Similarity, past cases utilisation, initialisation . o .
parameters, quality control, process drift. machines can vary within a process, but if, for example, the

thickness of the metal sheets changes, the welding event is
categorised as a new process. Hence, 'process’ could also be
. INTRODUCTION defined as ’production batch’.
The emphasis of this study is on process identification,
ESISTANCE spot welding is used to join metal objectshe similarity between any two processes and the benefits of
It is widely used in, for example, the electrical angrocess information. Thénn method was used to find the
automotive industries. Figure 1 shows an example where twst similar process, and an extension of #ven method
metal sheets are welded together. Electrode force is @pyaie was developed to find out if the most similar process could
hold the electrodes tightly together, and an electricalentris be classified as similar. The idea of process identification
passed through the electrodes and the material. The res#stavas introduced for the first time in [1]. Further research
of the material being welded is much higher than the resistarhas since been carried out, and this study is a follow-up on
of the electrodes. Thus, enough heat is generated to melt the authors’ second article on process identification, @her
metal. The pressure on the electrodes forces the moltes spfifferent classification methods were discussed [2]. Iritaait
in the two pieces of metal to unite and thereby to form then early version of this study was reported in [3]. However,
final spot (nugget).
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Fig. 1. Spot welding. Fig. 2. The principle of the study.



the benefits of process identification are discussed in matiéferent spot welding processes. The chapter IV points out
detail here. Moreover, the database built to support thidyst the most important results, and it consists of two sectites:
is reported in [4]. process identification section and the section describireg t

The research in the field of spot welding has concentratB@nefits of process identification. The conclusions arertego
merely on estimating the quality of welding spots or off! the last chapter.
improving the process by modelling the performance of some
individual elements of the spot welding system. The studies  Il. DATA DESCRIPTION AND PREPROCESSING
have approached the problem only for one process at gn this study, the data set was provided by two welding
time, and the information of previously run similar proe&ss machine manufacturers: Harms + Wende Gm&HCo.KG
has not been utilised. Studies have been made with neytalvH) [15] and Stanzbiegetechnik (SBT) [16]. The HWH
networks, regression analysis and mathematical methods sts were made on materials commonly used in the automotive
ing different features extracted from data. The variatidn gndustry, while SBT concentrates on welding thin materials
resistance over time (dynamic resistance pattern) has bg@ed in electronic components. A more detailed list of the
an important explanatory variable in many studies. Aréfici materials is given in Table I. As regards Table 1, it should be
neural network and regression models were generated baggficed that the values given for the thicknesses of the niahte
on the dynamic resistance pattern in, for example, [5], [ a 2 of SBT1-SBT5 actually apply to the areas of the joint parts.
[7]. The approach of [7], where the Hopfield network was used The data set contained altogether 3879 experiments from
to classify new experiments into five different classes (6f0 20 processes (11 from HWH and 9 from SBT, and they
them consisting of unsuccessful welds), lacks reliabiie* are marked as HWH1-HWH11 and SBT1-SBT9). The ex-
cause the test set comprised only ten experiments. In edditiperiments were welded using varying welding parameters,
dynamic resistance [8] and electrode indentation measurgéy each experiment consisted of measurements of current
from servo gun [9] has been used to monitor welding process@fd voltage signals recorded during the welding process.
online. However, the data sets in these studies were alsige processes have been divided into several configurations
small, consisting of merely under 40 experiments. In addjti The term 'configuration’ refers to a set of experiments (usu-
dynamic power factor in spot welding is modelled to improvg|ly 15 experiments) welded with unchanged parameters. For
the quality of welding process [10]. Studies using otheutnpexample, the experiments measured with current values of
variables include approaches involving neural networkh wig okA, 7.2kA and 6.4kA while the other parameters remained
tip force, the number of weld cycles, the weld current and thgychanged constituted three different configurations. fide
upslope current [11]. Pre-weld information, such as angulgameters that varied between the configurations were durren
misalignment and fit-up faults of the electrodes, have aésmb electrode force, electrode wear and fitting. It should also b
used [12]. In addition, studies using self-organising mdg$ noticed that the configurations occurred as separate dtiste
and Bayesian networks [14] have been made. the data space (see Figure 4 a) for an example). In this study,

This article is organised as follow. In the chapter Il, théhe configurations were also used to examine the functignali
data set used and the pre-processing criteria are intrdduoé the method.
in detail. The chapter Il explains the nearest neighbours The measured signal curves contained plenty of oscillatory
method and how it is extended to suit the identification ghotion and a pre-heating section, and they were hence pre-

TABLE |
MATERIALS USED IN THE WELDING TESTS. IT SHOULD ALSO BE NOTICE THAT THE WELDING MACHINES, CONTROLLERS AND
TIMES VARIED BETWEEN THE PROCESSES.

Data Material 1 Material 1 diameter (mm) Material 2 Material 2 diameter (mm)
HWH1 Steel DCO7 1 Steel ST14 15
HWH2 Steel ST07 1 Steel STO7 1.5
HWH3 Steel ST07 1 Steel STO7 15
HWH4 Steel ST07 1 Steel STO7 15
HWH5 Steel DCO7 1 Steel ST14 15
HWH6 Steel STO7 1 Steel STO7 1
HWH7 Steel STO7 1 Steel STO7 15
HWHS8 Steel STO7 1 Steel STO7 15
HWH9 Steel DP-K 1 Steel ST14 15
HWH10 Steel DCO7 1 Steel ST14 15
HWH11 Steel ZSTE260Z 1 Steel ST14 15
SBT1 X12CrNil7 7 0.18 AGNi 10/Ni 0.5x0.9mm?2
SBT2 X12CrNil7 7 0.18 AGNi 10/Ni 0.5x0.9mm?2
SBT3 NiBe 0.18 AGNi 10/Ni 0.5x0.9mm?2
SBT4 NiBe 0.18 AGNi 10/Ni 0.5x0.9mm?2

SBT5 NiBe 0.18 AGNi 10/Ni 0.7x1.5x2.3mm3

SBT6 AgNi10 & CuNi30Fe 1.13 CuBe2 0.2

SBT7 AgNi10 & CuNi30Fe 1.13 CuBe2 0.2

SBT8 CuBe2 0.2 CuNi44 0.6

SBT9 NiBe 0.18 AgNi90/10 0.85




processed before further manipulation. The pre-heatints pabut for novelty detection of running rotors. In additiongth
of the curves were cut off, leaving only the signal curvedata used in the study differ remarkably from the spot wejdin
recorded during the actual welding phase. In addition, tliata. In [20], the maximum of the distances to thaearest
curves were smoothened using the Reinsch algorithm [1@gighbours was used as a threshold, while in this study this
[18]. After pre-processing, suitable features were extwc threshold could not be used due to the nature of the data:
from the signal curves. Every signal was divided into tedifferent configurations constituted separate clusteesting a
parts of equal length, and their averages were chosen saarse data space for every process, while some of thersluste
features. The stages of pre-processing and feature emtractvere very far from each other.
are demonstrated in Figure 3. In this study, the idea of similarity was approached by
developing two boundaries, so that the form of the data set wa
(a) taken into account. Both boundaries were calculated u$iag t
: distance information of thé-nearest neighbour classifier. The
final threshold, called similarity measure, was a combamati
of these boundaries.

The first boundary was created to find if new data points
are situated among the data points of a configuration. This
would mean that the processes could be classified as the same.
In practice, the average distance between the data poidts an
their & (k=5) nearest neighbours within a process was found
to be suitable for this task and was thus chosen as the first
boundary. The value of was the same as the value used in
the rest of this study.

s ] A simplified example of the first boundary is presented in
) | Figure 4 (a) and (b). Actually, the data set was 20-dimeradjon
but the idea is presented here using a two-dimensional figure
The white points refer to measurements from two different
configurations of a process. The difference in current betwe
the configurations is 10 percent (8.0kA and 7.2kA). Figure
4 (a) shows the average distance to the(k=2) nearest
Fig. 3. (a) A raw signal curve. The pre-processing sectiosuttined with a neighbours for three data points (slashed circles). Figure
rectangle. (b) The curve after smoothening and means of thalsigalculated .
on ten intervals of equal length. (b) demonstrates the actual first boundary (the average of
the average distances to thenearest neighbours). The black
points refer to the test points 1-4. The test points dematestr
the new measurements to be classified, and the slashedscircle
Il. kNN AND SIMILARITY MEASURE around them mark the boundary. It can be seen that, by using

The k-nearest neighbour classifier was chosen compdne first boundary, the test point 2 would be classified as the
atively. In [2], different parametric (quadratic discrimaint same process compared to this process.
analysis, linear discriminant analysis and mahalanolsisroin- The next step is to classify the points 1, 3 and 4 in Figure
ination) and non-parametric (learning vector quantizaiod 4 (b). It seems obvious that the test points 3 and 4 are also
k-nearest neighbour classification) classification methegle from the same / a similar process, but from neither of the
studied, and thé&nn method turned out the most suitable dueonfigurations. In addition, the test point 1 seems to be too
to its accurate results and easy implementation, and it wias to be classified as similar. The second boundary is formed
therefore applied in this study. to solve this problem.

The idea ofk-nearest neighbour classification is quite sim- The average distance to thienearest neighbour between
ple: a data point is classified into the class in which most o0 neighbouring configurations was chosen as the second
its k-nearest neighbours belong. The nearest neighbours boeindary. In a simplified manner, the boundary could be
defined using, for example, the Euclidean distance measpietured as the radius of a sphere around the configurations
[19]. of a process. Test data falling inside the sphere (the agerag

In this study, information of which process is the closess walistance to thé&-nearest neighbours of a configuration is inside
considered inadequate. The basin classifier identifies the the boundary) would be classified as similar. In addition,
closest process based on the distance but does not indmate the boundary was to satisfy two requirements: 1) to avoid
far the process actually is. The database does not compriseckassifying dissimilar processes as similar, and 2) tosifas
all-inclusive data set of previously welded processesu@dlyt test data falling between two neighbouring configuratiofs o
an all-inclusive data set is impossible to provide). This, the same process as similar.
should be recognized that some of the new processes caifhe study was carried out by selecting two neighbouring
be so dissimilar from the ones already stored in the databasmfigurations, between which the average distance was cal-
that leaving out the distance information would cause serioculated, to define the second boundary. The boundary was
misclassifications. In [20], distance information is dissed, formatted to fit the spot welding data available and the data
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Fig. 4. A simplified example of the boundaries
to be gathered in the future. Thus, the configurations chosen
differ merely with regard to the initialised current (curtavas sim = d— b1 . (1)
the only parameter that varied between the configurations in b2 — bl

every process and can be assumed to vary in future processef)low the thresholds for the similarity measure can be

The second boundary (i.e. the radius of the sphere) wigsmulated more concretely. If the similarity value is steal
defined in such a way that the boundaries of two neighbouritfggn zero, the new test set is considered to be precisely the
configurations would overlap only minimally (requiremeft 1 Same process as the closest matching process. If the siynilar
but would cover the whole area between the configuratioR¥asure is between zero and one, the closest process is
(with the spheres touching each other, requirement 2). Becaconsidered similar, and knowledge of that process can b use
the values of current between the configurations of differe@s tentative information of the new test set. If the simijari
processes varied between 5 and 10 percent, the perceniédjge is greater than one, the closest matching process is
between the configurations fulfilling these requirements Fassified as dissimilar.
every process was considered as 5 percent (half of the higges
gap). IV. RESULTS

An example of the second boundary can be seen in Figura4 process identification

glce)rra:ggslgalztgLrjlz)?/vlltr(fejz);slenc;gdugf)jn(gz)alrthii Srg?oiﬁrrslgfe?ﬁf;c In this chapter, process identification is introduced in enor
y pp Y®PaG ail. Each configuration of different processes is sigicely

relative to the configurations. The final situation is shown i . . .
: . onsidered as a new data set and compared to the information
Figure 4 (d), where both boundaries are marked around the . : .
. stored in the database. However, the information of thegqe®c
test points. . : : ) .
_ to which the configuration belongs to is not taken into actoun
It was mentioned above that the 5 percent between t the comparison. Hence, the setting of the experiment
two neighbouring configurations was half of the biggest gagsembles the actual operation of the system.
Thus, the average distance to theearest neighbours between The value fork was chosen using cross-validation. The
the configurations with 5 percent variation in current hagajyes 1 and 3 gave the best results, but the third best value
to be calculated for every process. The calculation cou 5 (difference insignificantly small compared to the value
be done soundly, because when the current varied betwgegnd 3) was chosen to give robustness to the method.
feature space was approximately linear. detail. These three processes represent the data sufficand
The final similarity measure combines the information of thithe introduction of the results of the other processes wbeald
boundaries and provides a more straightforward result to teplication. The eleven HWH processes are mutually quite
used in industry. The final form of the similarity measure wasimilar, and it is therefore adequate to discuss only one of
obtained by comparing these two boundaries with the averajem more thoroughly. However, the data set of SBT also
distance from the data points of a new test set toktmearest contains processes known to be very different from eactrothe
neighbours of the closest matching process. If the newrtlista and hence one of each case (processes similar and processes
is marked asl and the boundaries are markedtdsand b2, dissimilar) is introduced in more detail. The processes now
then the similarity measurem is presented are HWH2, SBT3 and SBT4. A further interesting,



TABLE I
CLASSIFICATIONS OF THE FIRST SEVEN CONFIGURATIONS OF (A) HM2, (B) SBT3 AND (C) SBT4

() (b) (c)

Configurations | HWH3 | HWH4 Configurations | SBT 9 Configurations | SBT 9
of HWH2 of SBT 3 of SBT 4
C1: Cl: C1:
Percentage 100 Percentage 100 Percentage 100
Similarity 0.49 Similarity 0.89 Similarity 2.61
measure measure measure
C2 93.3 6.7 C2 100 C2 100
0.37 1.02 0.86 2.97
C3 13.3 86.7 C3 100 C3 100
0.32 0.79 0.89 3.08
C4 100 C4 100 C4 100
0.88 0.86 3.08
C4 100 C4 100 C4 100
0.21 0.89 3.11
C4 100 C4 100 C4 100
0.35 0.89 3.14
C4 100 C4 100 Cc4 100
0.44 0.39 3.00

although not surprising, point is that the SBT and HWHh the database. The similarity measures give the same- infor
processes do not blend with each other. mation. The configurations of the process SBT4 are classified
Table Il shows the results obtained for the three processas. SBT9, but the similarity measures are much larger than
Only the first seven configurations of each are representake. These two processes are classified as dissimilar usng t
to avoid duplication. The abbreviations C1-C7 mark différe similarity measure, which result was also desired.
configurations. In addition, the first number of cells indésa
the percentage of data points of a configuration classifi
as each process, while the second number is a value of
similarity measure. Process information can be used to restore the manufac-
The HWH2 case in Table Il (a) indicates that most of thturer’s correct initialisation parameters for welding maes
configurations are classified with 109 accuracy as HWH3. or to find suitable quality control and improvement methods
The configurations C2 and C3 are exceptions to this. Fdeveloped for previously gathered data. The next two sestio
example, 93.3 percent of the experiments of configuration @all show simple examples of how this can be done and point
are classified as process HWH3 and 6.7 percent as procegsthe benefits.
HWHA4. In this case, the similarity measure is also better for 1) Initialisation parameters: When a similar process is
HWH3. However, most of the experiments in configuratiofound, the database is searched and the parameters lead-
C3 are classified as HWH4, while the similarity measur@ag to high quality joints are restored. This approach can
is remarkably smaller for HWH3. Hence, the user needsibstantially reduce the set-up time of a new process. In
to decide which should be considered more important, psactice, even experienced welding machine users must find
small value of the similarity measure or a large classifizati the suitable parameters through trial and error. Natyriig
percentage. However, the developed system shows both heans spending more time and money, while the system
similarity and the percentage, which enables the user teemaleveloped here can restore the parameters faster and more
the decision by applying information of both processes amditomatically. The final aim of the system is to gather vast
choosing the most suitable alternative. amounts of information from different manufacturers into a
In the SBT data set, all the processes were classified withtabase from which suitable initialisation parameters ca
100 % accuracy. However, the similarity measure showed thlaeé searched independent of the manufacturer. Thus, when a
some of the closest processes were further than the othemanufacturer begins to weld new parts (expertise needed to
An example of two processes known to be approximatepglect the suitable parameters is not found inside therfgcto
the same is shown in Table Il (b). The processes SBT3 atiig initialisation parameters already used in differemtdey
SBT9 are similar to each other, but the SBT9 process wean be found from the database.
welded one year later. Table 1l (b) shows the classification2) Quality control and improvementThe quality control
results for SBT3. It can be seen that the similarity measurasd improvement methods that already exist can be used for
for all configurations are smaller than one, and the prosessenew process if the process found is classified as similar. A
are therefore classified as similar. The positive thing is &x- simple example of quality prediction can be seen in Figure
ample is that the method can identify these similar prosgssB. The average quality of the closest data points of a new
though the conditions may vary considerably during one yeexperiment is assigned as a quality value of the experiment.
of operation. In this case, the closest data points for both SBT3 and SBT4
An opposite example can be seen in Table Il (c) for theere found from SBT9. Figure 5 shows, for clarity, only
process SBT4, for which there are no similar processesdstothe predicted and the actual measured qualities for differe

d
%mBenefits of process identification
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Fig. 5. Average measured and predicted quality values ofrerpats by different configurations of (a) SBT3 and (b) SBT4.

configurations (not for individual experiments). It can lses in b) demonstrate the different configurations; the lahef
that the measured and predicted values of SBT3 correspaegresents the reference parameters: 8.0 kA for current and
well to each other. In practice, if even such a rough preaficti 3000 N for electrode force, and the abbreviatioa refers
can give a good estimate of quality, provided the procesdesa new electrode, whilew refers to electrode wear a.k.a.
are similar enough, it can be assumed that more sophisticatéd electrode. In addition, the abbreviation- 10% means a
methods could give even more accurate results. Naturaltyrrent decrease of 10 percerft4+ 10% means an increase
because the similarity measures were so poor for SBT4, thieelectrode force, andit is used for different fitting set-
results are remarkably worse. The quality information & thups. Figure 6 ¢) demonstrates successful (marked as 1) and
closest matching process cannot be used, but because uhguccessful (marked as 0) welding experiments. It can be
similarity measure is known, this mistake would not be madseen that the unsuccessful welds are located in the leftruppe
and lower corners.

Figures 6 and 7 show an example of a quality improvementThe grey area in Figure 6 (b) is used to mark the place
method called detection and visualisation of process ddrifivhere the highest quality welding spots are situated. Tha id
The basic idea for one process is introduced in [21]. In thaf process drift detection is to find out when the new welding
case, the self-organising map is trained using informatibn tests began to drift from this grey area and to prevent this dr
a similar process (to be precise, HWH3, Figure 6), while th®y, for example, increasing the current.
map is also used to detect and visualise the process dritteof The labels demonstrated in Figure 7 are the labels for the
process HWH2 (Figure 7). Figure 6 (a) shows the U matriguality and configurations of HWH2, which are assigned to the
while Figures (b) and (c) show the map as labelled. The labefgp elements of HWH3. The same grey area is also used for
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Fig. 6. Self-organising map for process drift detection arsdialisation (HWH2).
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process drift detection for the welding experiments of HWHZ2irocesses can be used to detect and visualise the prociss dri
It can be seen that the unsuccessful welding experimentsobfnew processes, which improves the quality of the welding
both processes are situated in approximately the same. arspsts of new processes. It can be concluded that, with the
This means that a previously trained map for the simildrelp of the developed system and by knowing the similar
process can help to improve the quality of the welding spot pfocess, correct initialisation parameters can be provid¢he
a new process. However, it has to be noticed that some of thanufacturer, or the quality of welding spots can be predict
unsuccessful welds of HWH2 are situated near, or even withir, improved.
the grey area. A closer study indicates that these unsifatess
welds are caused by worn electrodes. However, there are also ACKNOWLEDGMENT
unsuccessful welds of HWH2 caused by worn electrodes inWe would like to express our gratitude to our colleagues
the lower left corner. When the system detects drift towards Hochschule Karlsruhe [22], Institutif Innovation und
that corner, the current is increased and unsuccessfulsweldansfer, in Stanzbiegetechnik and in Harms + Wende GmbH
no longer occur. Naturally, in some cases, when the drit Co.KG, for providing the data set, for the expertise needed
towards electrode wear labelled areas is recognized, tme wat the different stages of the research project and for nouser
electrodes can be replaced. other things that made it possible to accomplish this work.
Furthermore, this study has been carried out with financial
support from the Commission of the European Communi-
ties, specific RTD programme "Competitive and Sustainable
The main focus of this study was on process identificatiaBrowth”, G1ST-CT-2002-50245, "SIOUX” (Intelligent Sys-
of different welding processes and the benefits achieved f&yn for Dynamic Online Quality Control of Spot Welding
knowing similar process. The most similar welding proceg®rocesses for Cross(X)-Sectoral Applications”). It does n
was identified using thé-nearest neighbour method, and th@ecessarily reflect its views and in no way anticipates the
actual similarity was decided using a similarity measure, @ommission’s future policy in this area.
measure developed as an extensiokrin. With the similarity
measure, it could be decided whether a similar enough psoces REFERENCES
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