
Introduction
     Resistance spot welding (RSW) is a
ubiquitous joining technique for pro-
ducing sheet metal parts. The short cy-
cle time, lack of consumables, and suit-
ability for automation have made RSW
a mainstay in the automotive industry.
With an estimated 4000–6000 welds in
new vehicles (Ref. 1), the quality of
spot welds is critical to the structural
integrity and safety of the car. 
     Quality monitoring of these spot
welds is, therefore, of high importance
with the emphasis placed on passenger
safety in industry. The assurance of
quality in RSW processes remains a
challenge in industry as welds cannot

be easily inspected. Quality testing of
resistance spot welds is typically divid-
ed into two categories: destructive and
nondestructive testing. Both destruc-
tive and nondestructive testing of
parts are expensive and time consum-
ing, with destructive testing directly
reducing the output of production. As
such, destructive and nondestructive
testing cannot be performed on every
part and so the quality of all welds in
production is not known (Ref. 2). 
     To alleviate the risks posed by an
individual faulty weld, auto manufac-
turers use additional welds to ensure
the strength of their vehicles, with up
to 30% of all spot welds redundant
(Ref. 1). This inefficient practice

amounts to significant increases in
production time and costs, creating a
strong driver for the development of
better methods for quality assurance
and control.
     In RSW, signals related to the weld-
ing process can be used to infer the
quality of the weld. This reduces the
need for off-line destructive and non-
destructive testing in industry. Many
measured signals in RSW have been
related to weld quality for quality
monitoring purposes including dy-
namic resistance (Refs. 3–6), electrode
displacement (Refs. 7–9), electrode
force (Ref. 10), acoustic and sonic
emissions (Ref. 11), and electrical im-
pedance (Ref. 12). However, robust
signal-based quality monitoring meth-
ods are difficult to achieve in RSW due
to the constantly changing variables
such as material properties, welding
geometries, and electrode condition.
     Signal-based quality monitoring
techniques in RSW are not often
equipped with the ability to detect
when a process has fallen out of con-
trol, or to diagnose the causes of poor
quality welds. Monitoring quality and
process control with fault diagnostics
allows for a greater understanding of
the causes of poor quality and the
state of the system. To produce such a
system in RSW signal analysis that in-
corporates fault detection, in-line weld
quality assessment, identification of
the variables responsible for a fault,
and the diagnosis of the specific cause
of the fault is required. This paper
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presents a process monitoring method
using information drawn from the dy-
namic resistance signature (DRS).
     The process monitoring technique
presented is combined with the ability
to predict the quality of each weld and
state of the welding system in-line,
without requiring parts to be removed
from the production line. Analysis
conducted in this manner allows for
the following: 
     1. A potential fault to be identified
in real time from the dynamic resist-
ance signature,
     2. The quality of both faulty and
normal welds to be reliably checked by
inferring the weld strength from the
dynamic resistance signature,
     3. Further analysis into the cause of
a fault by calculating the electrode-tip
contact area used to create the weld
from the dynamic resistance signature.

Background
     Effective process monitoring tech-
niques aim to understand the state of
control of a given process, by monitor-
ing the variables in the system often
through the use of control charts (Ref.
13). Successful process monitoring
techniques are characterized by several
properties discussed in the literature
(Ref. 14): 
• Fault detection/detection of out-of-

control status,
• Identification of responsible

variables,
• Diagnosis of the cause of abnormal

behavior.
     Process monitoring techniques

have been successfully applied in many
manufacturing processes to detect,
identify the responsible variables, and
diagnose the causes of faults, giving a
better understanding of the output
and the variables that are changing in
the process. Specific examples of
process monitoring in manufacturing
include the thermal annealing process
in semiconductor manufacture in
which a new recursive principal com-
ponent analysis (PCA) technique was
developed (Ref. 15) and a multiblock
projection to latent structures method
was applied to the manufacture of low-
density polyethylene (Ref. 16). 
     A number of potential faults can oc-
cur in resistance spot welding and
have been studied in the literature, in-
cluding electrode misalignment (Ref.
17), shunting (Ref. 18), part gap, and

surface contamination (Ref. 19). These
specific studies do not include faults in
weld quality monitoring techniques.
     In RSW, process monitoring tech-
niques were applied to assess electrode
displacement curves detecting high
electrode wear and expulsion during a
welding operation (Ref. 20). Expulsion
monitoring in RSW (a form of process
monitoring) has reached maturity due
to the significant effects on a number
of the available signals (Ref. 21) and
the potentially undesirable effects on
surface finish. Expulsion monitoring
in RSW has met two of the three crite-
ria above using various signatures to
detect and identify expulsion (Refs.
21, 22). However, this information
was not used to diagnose the causes of
changing behavior in the spot welding
process. Although expulsion monitor-
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Fig. 1 — Welding setup schematic. Fig. 2 — Electrode dimensions.

Fig. 3 — Misalignment of electrode tips to replicate poor part alignment.
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ing has reached maturity in RSW, the
presence or absence of expulsion can-
not be used as a sole metric for weld
quality. As such, further work in the
application of process monitoring to
RSW is required to ensure that every
weld produced is of acceptable quality. 
     A number of signal-based weld
quality prediction techniques have
been developed in the RSW field using
more definitive quality metrics. A
method for predicting joint strength
from the dynamic resistance and elec-
trode displacement was developed by
Lee et al., in which signature features
were passed through a fuzzy neural
network (Ref. 23). A similar method
was developed using an artificial neu-
ral network and the input electrical
impedance to classify the tensile
strength of spot welds and detect ex-
pulsion in welding (Ref. 12). Although
both systems were capable of detect-
ing expulsion from the signatures, a
key process monitoring attribute, they
did not allow for diagnosis of the caus-
es of poor quality welds.
     For the application of process mon-
itoring techniques in resistance spot
welding, there are a number of impor-
tant variables that require careful con-
sideration. These include electrode
temperature, electrode-tip contact
area, electrode-part alignment, mate-
rial properties, and surface condition
and contamination (Refs. 2, 24), all of
which can be strongly linked to the
electrode-workpiece interface. As
such, the electrode-tip area is identi-
fied as an important variable, govern-
ing the final quality of the weld, mak-

ing it important to monitor for identi-
fying the variables responsible for a
fault and diagnosing the cause in a
spot welding process (Ref. 25). 
     The electrode-tip area is greatly af-
fected by electrode wear, which in turn
changes the current density delivered
to the workpiece. However, measuring
electrode-tip wear in-line is difficult,
with suggested methods ranging from
electrode imaging, requiring addition-
al apparatus to be attached to the
welding machine (Ref. 26), to assess-
ment of carbon paper imprints that in-
crease welding cycle times (Ref. 27).
     To monitor both the quality of the
weld and the state of the welding sys-
tem in-line, careful signal selection is
required. The dynamic resistance is di-
rectly related to the electrode-tip area
through the electrode-sheet interface,
and has been shown to be useful in
predicting the quality of the weld. The
dynamic resistance is also inherently
easy to measure with most modern
weld controllers measuring it by de-
fault. All these factors make the dy-
namic resistance an ideal signal for
process monitoring, with the added
benefits of being able to assess both
the quality of the weld, and the condi-
tion of the electrode-part interface,
which changes with electrode-tip wear.
     To address the criteria of an effec-
tive process monitoring technique, ap-
plicable to resistance spot welding,
this paper presents a method for mon-
itoring the spot welding process by an-
alyzing the DRS. To analyze the resist-
ance signatures, Principal Component
Analysis (PCA) is used to represent the

major components of variation of a set
of DRSs, allowing for extraction of the
variation most relevant for process
monitoring purposes. In addition, the
information extracted is utilized to
predict the tensile strength and elec-
trode-tip contact area of each weld in-
line, allowing for the quality of the
weld and the state of the welding sys-
tem to be monitored as well. This com-
bined approach allows for complete
monitoring of RSW by monitoring the
quality of the welds produced, as well
as the three key aspects of
an effective process monitoring
technique:
• Fault detection using features of the
dynamic resistance signature from
PCA

• Identification of the variables
responsible for a fault through
electrode-tip condition monitoring
from the PCA results

• Diagnosis of the cause of the
abnormal behavior through
electrode-tip condition monitoring.

     With these features, the monitor-
ing technique can reduce the need for
trained ultrasound technicians to test
spot welds for quality control. With an
increased confidence in the quality of
the welds produced, car designs can be
made more efficient with fewer redun-
dant welds, reducing manufacturing
time and increasing profit.

Method
Experimental Procedure

     To evaluate the process monitoring
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Fig. 4 — Example of dynamic resistance signatures. Fig. 5 — Signature set alignment.
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technique outlined above, two sets of
welds were created, each allowing the
electrode tips to wear (without re-
dressing) over the course of approxi-
mately 170 welds. At this point, the
welding system began to produce
welds with no fusion, denoting the
end of electrode life without tip dress-
ing or current stepping. The welding
parameters of electrode-tip face diam-
eter and force that produced accept-
able quality welds were experimentally
determined for the specific welding
machine used in this study. The weld-
ing parameters chosen, notably elec-
trode force and tip face diameter, also
produced accelerated electrode wear
that could be monitored using the
process monitoring technique devel-
oped. The strength of all welds was
above the minimum shear strength for
the material thickness as stated by the
American Welding Society Welding
Handbook (Ref. 28).
     The first set of 170 welds was used
as a training set to define the principal
component matrix for PCA (referred
to as the ‘training set’ from here on
in). The second set of 170 welds (re-
ferred to as the ‘validation set’) were
monitored using relationships deter-
mined from the training data. 
     As a proof of concept and to assess
the ability of the process monitoring
technique to deal with unknown
faults, a single fault was introduced in
the validation set in the form of 13
welds with misaligned electrodes (set-
up shown in Fig. 2). Each of the 13
welds were performed with the sheet
misaligned by 10 deg from the elec-
trodes to simulate poor part alignment

in a production
environment

that could be caused by either a weld-
ing operator error or poor setup in an
automated line. The misaligned speci-
mens were introduced to the valida-
tion set with the intention of creating
faults in the process for development
of fault diagnosis. It should be noted
that this fault data was not included in
the training set to test whether the
method presented could identify faults
outside its training data for robust-
ness and generality. 
     Welds were created on 0.6-mm hot-
dipped zinc-coated steel (Zincanneal®
G2S) with a chemical composition of
0.1% C, 0.025% P, 0.45% Mn, and
0.03% S. The welding machine used
was a single-phase, 3-kVA AC machine
running at 50 Hz and a 100% firing
angle, controlled by a simple digital
weld timer (shown in Fig. 1). Each
weld series was started with new elec-
trode tips (made from Copper 101 Al-
loy) with 2.4-mm electrode tip face di-
ameters (shown in Fig. 2). Each weld
was created using 3-kA RMS, with an
electrode tip force of 162 N, over 25
cycles of a 50-Hz wave. Magnetic noise
in the voltage data was reduced by us-
ing equal length, twisted pair voltage
sensing wires that were attached to
the electrodes for good electrical con-
tact (Ref. 29).
     During each weld, AC voltage and
current in the welding machine’s sec-
ondary circuit were measured at a
sampling rate of 1000 Hz. To calcu-
late dynamic resistance, the absolute
value of both signals was calculated,
and peak values were used to calcu-
late the resistance at each half cycle
using Ohm’s Law. The inductive

phase shift between the current and
voltage was accounted for by taking
the peaks of each AC signal to calcu-
late the dynamic resistance, as this is
the point in the signal with zero rate
of change of current, and thus no in-
ductive component (Ref. 29). Each
dynamic resistance signature is then
represented as a vector of 50 points,
one for the resistance at each half 
cycle. 
     Examples of the DRS in this study
are shown in Fig. 4. There was a no-
table lack in secondary peak (or beta
peak) as found in other studies (Refs.
30, 31). This is due to the low bulk and
interface resistances of the thin zinc-
coated material. The result is minimal
changes in resistance due to the in-
crease in resistivity with temperature,
which explains the absence of a promi-
nent beta-peak (Ref. 32).
     After each weld, the electrode-tip
contact area was measured by taking a
tip imprint in carbon paper for use in
the models produced later. Each weld
was then destructively tested in a lap-
shear test in an Instron 5500r univer-
sal tensile testing machine, at a testing
rate of 3 mm/min. Peak force during
this test was recorded as a value for
weld strength.

Analysis Method

     To monitor the spot welding
process from the DRS, first the dimen-
sionality of the signature set is re-
duced using PCA. Given that PCA re-
states the data in order of highest vari-
ance, the results are particularly useful
for efficiently monitoring the process.
In addition, these features can also be
used to monitor specific outputs such
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Fig. 6 — Measured electrode contact area.

Fig. 7 — Measured weld strength values.
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as the weld strength and electrode-tip
contact area as will be shown below. 
     To determine which parts of the DRS
are important for predicting the out-
puts, a two-stage process is employed.
First, features of the signatures are ex-
tracted using PCA, then Pearson corre-
lation coefficients (Ref. 33) are calculat-
ed between these features and the weld
strength (a measure of quality) (Ref.
34), and electrode-tip condition (the
state of the welding system). 
     The level of each signature compo-
nent in a particular DRS is given by
the signature’s principal component
score vector bi, shown in Equation 1.

where P+ is the pseudo-inverse of the
principal component matrix, xi is any
DRS from the set X, and X is the mean
signature of X. Variations in the signa-
tures that vary along the principal com-
ponents with minute eigenvalues (small
variance) can be removed without sig-
nificant loss of information. Efficient
process monitoring of individual welds
can be achieved once the matrix P is de-
fined in training with computational
complexity of O(n2) where P is an n × n
matrix and bi is an n × 1 matrix.

Modeling the Welding Process
from the DRS

     Once the signature components
significantly correlated to an output

variable are determined, the relation
between each of those signature com-
ponents and the output variable can
be approximated using stepwise linear
regression with interactions. The gen-
eral case for the model equation for
weld strength, if principal components
m and n were found to be significantly
correlated to weld strength, would be:

     Si = Tbm,i + Ubn,i + V(bm,i  bn,i) + W (2)

where Si is the strength of weld i (in
Newtons), and T, U, V, and W are coef-
ficients determined through stepwise
linear regression. While bm,i and bn,i are
principal component scores of the mth

and nth principal components for a par-
ticular resistance signature xi.
     To use the models created for moni-
toring future welds, principal compo-
nent score vectors b can be calculated
for any resistance signature (xi) of the
same length, using the principal com-
ponent matrix, P, and the mean signa-
ture of the training set, X.
     Values for weld strength and elec-
trode tip contact area can then be cal-
culated for subsequent welds using the
models from the training data and the
calculated b. This allows for monitor-
ing of the state of process control from
control charts, monitoring of weld
quality, and fault identification and 
diagnosis from monitoring the 
electrode-tip area from the dynamic
resistance signatures alone.

Accounting for ElectrodeTip
Changes

     To account for any differences in
the average signature height of the
two sets (which can occur when chang-
ing electrodes), the difference between
the mean values of each set’s mean sig-
nature was subtracted from all resist-
ance signatures in the validation set,
shown in Fig. 3. The average value of
the mean signature from the valida-
tion set was estimated from the first
few welds.
     Electrode tip area was measured us-
ing carbon paper imprints to aid in di-
agnosing the causes of faulty welds
from the process monitoring. The car-
bon paper imprints were digitized, and
the area in pixels was measured with
ImageJ (Ref. 35). The tip area was ex-
pressed in mm2 by first measuring a
reference object of known size to pro-

�
bi = P

+ xi � X( ) 1( )
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Table 1 — Principal Component Variation Percentage

        Principal Component                                                       Percent Variation (%)

                         1                                                                                        89.3
                         2                                                                                        4.84
                         3                                                                                        3.06
                         4                                                                                        1.79

Fig. 8 — First 4 of 50 principal components.
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duce a calibration value (mm/pixel) re-
stating pixels from the scanned image
in mm. The number of pixels in each
tip imprint was then used to calculate
the final contact area.

Results
     Data was collected for the two weld-
ing series to test the process monitor-
ing technique presented previously.
The electrode-tip contact area (Fig. 4)
and tensile shear strength (Fig. 5)
were recorded for every weld in both
series. The training data was collected
for the purpose of creating the models
for electrode-tip area and weld
strength, while the validation data was
collected so that it could be monitored
using the information gathered. The
contact area measured from tip im-
prints increased as the electrode faces
wear after an initial wear-in phase that
took approximately 25 welds (shown
in Fig. 4). The wear-in phase is an arti-
fact of the measurement technique
that conforms to the electrode surface,
and the flatness of the electrode tip
surfaces, which are not perfectly paral-
lel at the beginning of each series. As
such, the electrode tip area is larger
until the electrode tip surfaces become
parallel, at which point it begins to
wear naturally.

Signature Variation 

     To find the major components of
the signature set variation, the P ma-

trix was calculated for the training set
dynamic resistance signatures, produc-
ing 50 principal components describ-
ing the various types of signature vari-
ations. The principal components can
be represented by the amount of sig-
nature set variation that is encapsulat-
ed by each. The first four principal
components and their percent varia-
tion are shown in Table 1. The first
principal component, which encapsu-

lated the highest signature variance, is
ideal for process monitoring of the
welding process as it summarizes the
most information in one principal
component score for each weld.
     All principal components that indi-
vidually described more than 1% of
signature set variation (the first four,
shown in Table 1) were used in further
analysis. The other 46 principal com-
ponents combined capture the remain-
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Fig. 9 — Weld strength model created from training data. Fig. 10 — Electrodetip area model created from training data.

Table 2 — Correlations for the First Four Principal Components to Weld Strength

Principal Component               Pearson’s Correlation Coefficient                       p value

                 1                                                          0.046                                                  0.548
                 2                                                        –0.709                                           1.57 × 10–27  (a)

                 3                                                          0.197                                               0.00948(a)

                 4                                                        –0.228                                              0.00259(a)

(a) Correlations found to be statistically significant.

Table 3 — Correlations for the First Four Principal Components to ElectrodeTip 
Contact Area

      Principal Component                Pearson’s Correlation Coefficient                 p value

                        1                                                          0.728                                    9.98 × 10–30(a)

                        2                                                          0.115                                           0.134
                        3                                                         –0.341                                   4.79 × 10–06(a)

                        4                                                          0.293                                    9.51 × 10–05(a)

(a) Correlations found to be statistically significant.
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ing 1% of variation in the signature
set and were removed from further
analysis.
     The signature components of the
first four principal components are de-
picted in Fig. 6 using high and low
principal component scores for that
principal component only. The first
four collectively describe more than
99% of the variation in the signature
set, drastically reducing the dimen-
sionality of the signatures with mini-
mal information loss. Each weld’s DRS
can then be represented by four princi-
pal component scores, which can be
easily correlated with the measured
outputs such as electrode-tip area and
strength. 

Weld Strength and Electrode
Tip Area Monitoring Models

     Correlation coefficients for both
electrode-tip contact area and weld
strength to the principal component
scores were calculated so that the val-
ues for electrode-tip contact area and
weld strength could be inferred for fu-
ture welds from the DRS alone. The
correlation coefficients for electrode-
tip area and strength to the first four
principal components are shown in Ta-
bles 2 and 3. Consistent with common
statistical convention, the hypotheses
with p values of less than 0.05 for a

given output parameter were deemed
to be statistically significant. 
     From the correlation tests, princi-
pal components 2–4 were found to be
significantly correlated to weld
strength, and principal components 1,
3, and 4 were significantly correlated
to electrode tip area. Models were cre-
ated using the electrode-tip contact
area and weld strength in terms of the
respective significantly correlated
principal component scores for each
weld using stepwise linear regression
with interactions. 
     A comparison of the predicted val-
ues from the models to the measured
values of the training data are shown
in Figs. 7 and 8. The confidence
bounds that encapsulate two standard
deviations of the data are 184 N for
the weld strength and 1.93 mm2 for
the electrode-tip contact area.
     These models can then be used to
calculate values for electrode-tip contact
area and weld strength for the valida-
tion series welds. To achieve this, b are
calculated for the validation welds, rep-
resenting them in terms of the signifi-
cant principal components of the the
training data. The b for each weld in the
validation series contains weighting val-
ues for each significantly correlated
principal component calculated from
the training data. This allows values for
electrode-tip area and weld strength to

be calculated for new welds directly
from their dynamic resistance signature
using the calculated b.

Process Monitoring

     To monitor changes in the process
from weld-to-weld, the first principal
component scores (b1) for each weld in
the training set were used to create
control limits for a moving range
chart. A moving range chart was cho-
sen to identify quick changes in the
process such as welding setup or sur-
face contamination. If the goal was to
monitor slow changes such as elec-
trode wear, an x control chart could
easily be implemented.
     Using the control limits determined
from the training set, the validation
series welds were monitored from the
b1 values of the DRS, the results of
which are shown in Fig. 9. All values
above the upper control limit (UCL)
are considered to be out of control due
to some significant change in the
process. To aid in the analysis of the
chart, the misaligned specimens (out-
liers) have also been plotted. The
range of the welds that were directly
after a weld declared to be out of con-
trol was calculated using the
weld before the out-of-control status
declaration.

Analysis and Discussion
     From the principal component
scores calculated for the validation se-
ries welds, the welding process can be
fully monitored by detecting faults,
identifying the variables responsible,
and diagnosing the cause of the fault.

Fault Detection

     The validation series welds were
monitored using the control limits set
out by the training series data in Fig.
9. A number of welds were found to be
out of control using the first principal
component score values of the DRSs,
indicating that a fault had occurred or
a significant variable in the welding
process had changed. Using the mod-
els for electrode-tip contact area and
weld strength, these out-of-control
welds were investigated further using
the first four principal component
scores calculated in-line.
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Fig. 11 — Moving range chart of the validation series welds b1 values.
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     The immediate effects to the quali-
ty of the weld produced can be as-
sessed using the weld strength model
and principal component scores 2–4
(those shown to be significantly corre-
lated to the strength of the weld). The
weld strength values for the validation
series were inferred from the DRS,
shown in Fig. 10, without requiring
additional physical testing. The welds
found to be faulty (or out of control)
from the process monitoring phase are
shown in green and the specimens cre-
ated with electrode-sheet misalign-
ment are denoted by black crosses. 
     There are a number of welds
(known to be misaligned) that were
identified as out of control with weld
strengths higher than the general
trend, indicating a change in the
process had occurred but the conse-
quences for weld quality were not se-
vere. Type II error (indicated as faulty
without having that fault occur) can be
seen in Fig. 10 as green circles without
crosses, which were not part of the in-
troduced misaligned specimens and
have strength values entirely congru-
ent with the emerging trend. Given
that the out-of-control welds appear to
be of similar or better quality to those
around them, further investigation
into the fault is required given that a
significant change in the resistance
signatures has occurred.

Fault Variable Identification

     Using the electrode-tip area model,
the out-of-control welds can be further
analyzed. A number of them can be

seen to have very low inferred elec-
trode-tip contact area values (those
that were also misaligned). From the
very low inferred electrode-tip area
values, it can be concluded that a sig-
nificant change in the process has oc-
curred. The inferred electrode-tip ar-
eas that are below zero indicate that
those particular DRSs are outside the
predictive bounds of the model creat-
ed from the training set. Given that
the training set was created in con-
trolled circumstances, this indicates a
potential fault that relates to the 
electrode-tip-sheet interface. 
     The out-of-control welds with very
low inferred electrode-tip area and a
higher weld strength indicate that a
change in contact area between the
sheet and electrode had occurred. Giv-
en that this interface governs the cur-
rent density to the weld, it is intuitive
that (at a point of relatively high elec-
trode wear for the welding machine) a
sudden reduction in the contact area
should increase the strength of the
welds produced. The variable responsi-
ble for the fault detected in weld
strength of the welds can, therefore, be
identified as the current density deliv-
ered to the specimen during welding. 

Fault Diagnosis

     The misaligned specimens are clear-
ly responsible for the welds later in the
validation series that have been deter-
mined to be out of control. However, if
the weld number of the misaligned
specimens were not known in advance,
a potential diagnosis of the fault could

still be achieved.
     The prediction of low electrode-tip
contact area is indicative of a change
in the electrode-sheet interface area. A
reduction in the electrode-sheet inter-
face is likely to be caused by one of two
circumstances:
• Severe electrode-tip pitting, in which
a large portion of the electrode face is
left behind on a part, or,

• Electrode-sheet alignment.
     In the case of severe electrode pit-
ting, the low electrode-tip contact area
would be expected to continue at a rel-
atively constant rate for several welds
thereafter. This is not the case with
the welds in Fig. 11, as the very next
weld in the series has a predicted elec-
trode-tip area consistent with the gen-
eral trend. 

Discussion

     There are many phenomena that
drive changes in the dynamic resist-
ance curve in RSW; however, not all
these changes affect the strength of
the weld. Therefore, there is no reason
to assume that simply because a prin-
cipal component describes a large
amount of variation it should be
strongly correlated with the strength
of the weld. Rather the principal com-
ponent space describes an orthogonal
set of descriptive shapes of the dy-
namic resistance from which the most
descriptive for estimating strength can
be determined. In this study, the first
principal component, which described
89.3% of the variation between welds,
was not significantly correlated to
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Fig. 13 — Validation series inferred electrodetip area.Fig. 12 — Validation series inferred weld strength values.
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weld strength, with a correlation coef-
ficient of 0.046, while the second prin-
cipal component (accounting for
4.84% of signature variation) was
found to be strongly correlated to weld
strength. 
     The shape of this first principal
component is dominated by the initial
contact resistance, which was not
found to be significantly correlated
with weld strength. The first principal
component was, however, found to be
significantly correlated to electrode-
tip contact area, which governs the
initial contact resistance and resist-
ance at the start of the DRS. The sec-
ond principal component, which de-
scribed variation in the height of the
DR curve after the initial peak, was
found to be highly correlated with
weld strength with a correlation coef-
ficient of –0.709. This represents a
strong link between the growth and fi-
nal condition of the weld nugget and
the variation described by the second
principal component. In this way, re-
ducing the dimensionality of the sig-
natures through PCA allows for varia-
tion related to a given variable to be
found in any given signature set.
     The introduction of misaligned
specimens in the validation set was
found to change the resistance spot
welding process significantly as identi-
fied through the signature analysis. Al-
though the higher than normal
strength welds that were produced are
not usually considered a fault in RSW,
the misalignment of spot welds on
parts can cause poor surface finish,
potential difficulties in painting, and
accelerated electrode wear.
     The RSW process monitoring tech-
nique in this paper presents an effec-
tive use of the data available in the dy-
namic resistance signature. By con-
ducting PCA on the DRS, information
useful for monitoring the process, and
inferring the weld quality and state of
the welding system, is extracted. Using
training data, control limits for
process monitoring, and models for
weld strength and electrode-tip con-
tact area from measured data was
produced.
     This allows for the quality of the
welds to be monitored in-line, without
the need for destructive testing. With
the addition of the electrode-tip 
contact area model as a proxy for elec-
trode-tip wear, faults in a spot welding

process can be identified and informa-
tion that could lead to a diagnosis can
be provided. 
     This method has clear benefits for
industry allowing operators to judge
the quality of a weld from the DRS
rather than inferring that information
from the results of destructive testing
other parts. The addition of signature-
based electrode-tip wear also allows
for monitoring of one of the most im-
portant variables for spot weld quality
and understanding the condition of
the welding system. Both variables
modelled in this paper are considered
difficult to measure in a production
environment, with weld strength re-
quiring parts to be destroyed, and elec-
trode-tip condition monitoring typi-
cally requiring modifications to the
welding apparatus or significant in-
creases in welding cycle times.
     In the present study, the magnitude
of the given fault of electrode-sheet
misalignment cannot be determined
from the process monitoring tech-
nique nor can “fault-free” reconstruc-
tion be completed. However, with fur-
ther experimentation and the inclu-
sion of differing levels of misalign-
ment this could be achieved so that a
fault vector could be determined.
The process monitoring technique pre-
sented can be applied to any fault in
RSW, using training data from normal
welds. The changes caused by elec-
trode-sheet misalignment are likely to
be unique and distinguishable from
other causes of faults such as shunting
or surface contamination. This would
allow for extension of this method to a
broadly applicable process monitoring
technique for RSW. Future work
should attempt to reduce the size of
the training sets, and increase the un-
derstanding of the effects of addition-
al faults.

Conclusion
     This paper presented a process
monitoring technique that allows effi-
cient monitoring of the weld strength
and electrode-tip contact area of indi-
vidual welds from the dynamic resist-
ance signature alone. To achieve this,
the resistance signatures for two sets
of ~170 welds were collected. 
     Information from the signatures
was used to create control limits for
the welding process as well as create

models to monitor weld strength and
electrode-tip contact area during a
welding process. These models were
then used to infer the weld strength
and electrode-tip contact area of the
second weld series for process moni-
toring and quality assessment. Faults
were introduced and detected in the
second weld series in the form of elec-
trode-sheet misalignment using the
control limits defined by the training
data. The variables responsible for the
faults were identified using the elec-
trode-tip contact area model, allowing
for a strong link to current density to
be shown. The cause of the fault was
able to be diagnosed as electrode-sheet
contact area change, consistent with
electrode-sheet misalignment through
analysis of the electrode-tip contact
area model results. 
     For the automotive industry this
results in a reduced requirement for
destructive testing, given that the
strength of the weld can be inferred
from the resistance signature alone.
The results of this technique show
promise for the diagnosis of new faults
given the links between electrode-tip
condition and a number of variables
known to produce poor quality welds
discussed previously. Future work will
broaden the approach to identify dif-
ferent fault types providing a highly
effective in-line process monitoring
technique for RSW and further vali-
date the proposed method. Additional-
ly, this work can be expanded to in-
clude and advise regular tip dressing
cycles and preprogrammed current
stepping schedules that are common
techniques in industry for dealing with
electrode wear.
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Nomenclature

P      Principal component matrix
P+    Pseudo-inverse of the principal
component matrix
bi     principal component score vector
X     Set of dynamic resistance
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