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Abstract: Resistance spot welding is a process commonly used for joining a stack of two or three
metal sheets at desired spots. Such welds are accomplished by holding the metallic workpieces
together by applying pressure through the tips of a pair of electrodes and then passing a strong electric
current for a short duration. This kind of welding process often suffers from two common drawbacks,
namely, inconsistent weld quality and inadequate nugget size. In order to address these problems,
a new theoretical approach of controlling resistance spot welding processes is proposed in this paper.
The proposed controller is based on a simplified dynamical model of the resistance spot welding
process and employs the principle of adaptive one-step-ahead control. It is essentially an adaptive
tracking controller that estimates the unknown process parameters and adjusts the welding voltage
continuously to make sure that the nugget resistance tracks a desired reference resistance profile.
The modeling and controller design methodologies are discussed in detail. Also, the results of a
simulation study to evaluate the performance of the proposed controller are presented. The proposed
control scheme is expected to reduce energy consumption and produce consistent welds.
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1. Introduction

Resistance spot welding (RSW) is an electrothermal process in which contacting metal surfaces
are joined by heat. The metal surfaces are held together under pressure exerted by two electrodes.
The heat needed to create the weld is generated by applying a strong electric current through the
electrodes and the workpieces, as shown in Figure 1. The welding process is related to the metallurgy
of the materials involved in welding, including the base metal and the electrodes [1]. The flow of a
strong electric current through the metal sheets causes heating due to the resistance of the joining
surfaces and the sheets. Most of the heating is concentrated near the faying surface, since the contact
resistance is very high compared to the bulk resistance of the sheets, causing melting and formation of
a weld nugget. Depending on the thickness and type of material, welding current ranges from 1000 to
20,000 amperes, or even higher, while the voltage typically lies between 1 and 30 volts [2].

A resistance spot welding cycle consists of three main stages as follows:

Stage 1: Squeeze time, during which pressure is applied by the electrodes to squeeze the workpieces.
Stage 2: Welding time, during which a high current is applied, causing melting and formation of

a nugget.
Stage 3: Hold time, during which pressure is maintained after the welding current is ceased, to allow

cooling of the nugget and prevent cracks.

The resistance spot welding process is used in many different industries, including automotive,
aerospace, railway, military, and industrial manufacturing. It is the most popular welding technology
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used by the automotive industry to weld various sheet metals to form the chassis and body of a vehicle.
About 4000–6000 spot welds are used to manufacture a typical automotive vehicle today. Considering
a worldwide annual production volume of 80 million automotive vehicles, an energy efficient RSW
controller can result in significant energy savings and reduce carbon footprint accordingly.
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idea of a dynamic resistance tracking controller, which is conceptually similar to the controller 
proposed in this paper. However, the RSW resistance model developed there is an empirical 
dynamical resistance model consisting of three first order exponential curves to emulate the 
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RSW welding often suffers from two common drawbacks, namely, inconsistent weld quality
and inadequate nugget size. In order to address these problems, a number of remedies have been
proposed. These include monitoring and control of welding parameters to improve weld quality.
Some of the conventional RSW control techniques proposed to date include proportional-integral
(PI) [3], proportional-derivative (PD) [4], proportional-integral-derivative (PID) [5], fuzzy [6–8], neural
networks [9,10], or a combination of fuzzy and neural networks [11]. One of the main drawbacks of
these techniques stems from the fact they do not take into consideration the thermal dynamics of an
RSW process. Also, most of these systems do not take into account any changes in process parameters.
Some of the recently proposed RSW control methods address the above drawbacks by proposing either
model-based or adaptive controllers. These include a power reference-based controller [12], intelligent
hysteresis and PI controllers [13], and an adaptive power and current controller to reduce shunting
effects [14].

As a remedy to some of the shortcomings of the existing methodologies, a new RSW control
design method based on using dynamic resistance as a feedback signal is proposed in this paper.
Although the idea of using dynamic resistance signature for monitoring quality of RSW welds has
been investigated by a number of researchers over past three decades [15–20], the idea of using it as a
feedback signal for controlling an RSW process is relatively new. Although this idea was introduced
by a number of researchers, such as [17,21], no methods of actually doing it were presented. However,
a method of doing it using model predictive control (MPC) was proposed in [22]. It introduces the idea
of a dynamic resistance tracking controller, which is conceptually similar to the controller proposed in
this paper. However, the RSW resistance model developed there is an empirical dynamical resistance
model consisting of three first order exponential curves to emulate the characteristics of the resistance
of the workpiece during the heating, melting, and cooling phases, respectively. It proposes a model
predictive controller (MPC) based on the above simplistic empirical model, but judging from the results
presented, it does not seem to perform well.

As mentioned earlier, an RSW controller design based on using dynamic resistance as a feedback
signal is proposed in this paper. It is based on a dynamic resistance model of the RSW process, which
is slightly different from the thermal RSW process models investigated in [23,24]. The main drawback
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of using a thermal model for RSW control has to do with the difficulty of directly monitoring the
nugget temperature, which is why an indirect monitoring scheme based on measurement of the
dynamic resistance was suggested in [23,24]. The above difficulty is avoided here by developing
and utilizing a dynamic resistance model of the RSW process. The development of such a model
starts from a simplified heat balance model of an RSW process proposed in [23–25], which is then
converted into a dynamical resistance model using a nonlinear relationship between temperature
and resistance. The resulting model governs the variation of workpiece resistance during welding
time. Next, an adaptive one-step-ahead (AOSA) controller is designed based on the above model. The
proposed adaptive controller estimates the model parameters and generates a control signal based
on the estimated parameters, which enable the workpiece resistance to follow a desired reference
resistance profile. Simulation results show that an AOSA controller is capable of tracking a reference
resistance profile when the welding parameters are unknown, as well as reducing the energy required
to make a weld.

The organization of this paper is as follows. Section 2 presents modeling of an RSW nugget
formation process. The development of a dynamical resistance model and its validation are discussed
in Section 3. The design of an adaptive controller is discussed in Section 4. Section 5 presents the
results of some simulation studies, and finally, some concluding remarks are provided in Section 6.

2. Modeling of an RSW Nugget Formation Process

This section presents a dynamical resistance model of the RSW process. First, a simplified heat
balance model of the process is described, and then it is converted to a dynamical resistance model.

Electro-Thermal Dynamical Model of an RSW Nugget Formation Process

Following the footsteps of [23–25], the development of an electro-thermal model is started from a
simplified RSW nugget model, shown in Figure 2 below. The heat balance equations for this model can
be developed as follows.
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The total heat generation rate,
.

Qg(t), is given by:

.
Qg(t) =

V2(t)
R(t)

(1)
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where V(t) denotes the welding voltage and R(t) is the total workpiece resistance, which can be
described by:

R(t) = Rw(t) + Rc(t) + Re(t). (2)

Here, Rw(t) denotes the bulk resistance of the workpieces, Rc(t) represents the total contact resistance,
and Re(t) denotes the electrode resistance. Since Re is very small compared to the other two components,
it can be neglected in (2). It may be noted that for a two-stack workpiece, the total resistance can also
be rewritten as:

R(t) ≈ 2R(t)electrode−sheet + R(t)sheet−sheet + Rw(t) (3)

The heat of fusion required for nugget formation is given by:

H f = HVn, (4)

where H denotes the heat of fusion per unit volume and Vn denotes the nugget volume, which is
given by:

Vn = 2πa2p, (5)

where p and a are the penetration radius and nugget radius, respectively. Substitution of (5) into (4)
and normalization over the weld duration, ∆t, yields:

c1 =
H f

∆t
= 2Hπa2p. (6)

Neglecting the heat loss to the surroundings and the electrodes, the heat required to raise the
temperature of the nugget by dθ(t) is given by:

dQT(t) = ρCpVndθ(t), (7)

= c2dθ(t), (8)

where
c2 = ρCp2πa2p, (9)

and ρ denotes the density, Cp is the specific heat, and dθ(t) denotes the temperature rise.
Next, the total heat loss rate is given by:

.
QL(t) =

.
Qa(t) +

.
Qr(t) (10)

where
.

Qa(t) and
.

Qr(t) denote the axial and radial heat loss rates, respectively. Inserting their
mathematical expressions, details of which can be found in [24–26], gives:

.
QL(t) = k1πa2

[
θ(t)−θI

l1
+

10θ(t)βL
b
√
α

]
=

[
k1πa2

l1
+

10k1πa2βL
b
√
α

]
θ(t) − k1πa2θI

l1
= c3θ(t) − c4

(11)

where

c3 =

[
k1πa2

l1
+

10k1πa2βL

b
√
α

]
, (12)

c4 =
k1πa2θI

l1
. (13)

In the above equations, k1 denotes the thermal conductivity, a is the nugget radius, and θ(t) and
θI represent the melting temperature and the interface temperature of the workpieces, respectively.
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Also, l1 is the distance from the melting interface to the electrodes contact area, β represents the final
penetration to workpiece thickness ratio, L is the sheet thickness, b represents the electrode radius,
and α denotes the thermal diffusivity of the workpiece. Also, to avoid complexity of the model,
the thermal conductivity and the thermal diffusivity are assumed to be constants.

The heat balance equation over the time interval, (t, t + dt), is given by:

.
Qg(t) =

H f

∆t
dt + dQT(t) +

.
QL(t)dt. (14)

Substituting (1), (6), (8), and (11) in (14) and rearranging it, gives:

c2
dθ(t)

dt
=

V2(t)
R(t)

− c3θ(t) + c4 − c1 (15)

or equivalently,
dθ(t)

dt
= c5

V2(t)
R(t)

− c6θ(t) + c7 (16)

where
c5 =

1
c2

, (17)

c6 =
c3

c2
, (18)

c7 = (c4 − c1)/c2 (19)

Equation (16) represents a simplified electro-thermal dynamical model of the RSW process. From this,
a dynamical resistance model is developed as follows.

3. Dynamical Resistance Model of an RSW Nugget Formation Process

The development of a dynamical resistance model exploits the functional relationship between
resistance and temperature. To start with, it is assumed that R(t) can be approximately represented by:

R(t) = R◦ [1 + α(θ)(θ(t) − θ◦)], (20)

where α(θ) denotes the temperature coefficient of resistance, and R◦ is the resistance at room
temperature, θ◦ .

Equivalently, one can write:

θ(t) = β(θ)(R(t) −R◦) + θ◦ (21)

where
β(θ) =

1
α(θ)R◦

(22)

Differentiation of (21) yields:

dθ(t)
dt

= β(θ)
dR(t)

dt
+ γ(θ)(R(t) −R◦) (23)

where

γ(θ) =
dβ(θ)

dt
. (24)

Substitution of (16) in (23) gives:

β(θ)
dR(t)

dt
+ γ(θ)(R(t) −R◦) = c5

V2(t)
R(t)

− c6[β(θ)(R(t) −R◦) + θ◦ ] + c7. (25)
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Also, re-arrangement of the above equation yields:

dR(t)
dt

= c8
V2(t)
R(t)

− c9R(t) + c10(t), (26)

where
c8(t) =

c5

β(θ)
, (27)

c9(t) =
γ(θ)

β(θ)
+ c6, (28)

c10(t) =
γ(θ)

β(θ)
R◦ +

c7

β(θ)
−

c6θ◦

β(θ)
+ c6R◦ (29)

In Equations (27)–(29), the parameters c8, c9 and c10 are assumed to vary with time since β(θ) and γ(θ)
vary with time (as a result of variation of θ with time).

Finally, for the sake of notational convenience, let y(t) = R(t) and u(t) = V(t). Then (26) can be
rewritten as:

dy(t)
dt

= c8(t)
u2(t)
y(t)

− c9(t)y(t) + c10(t) (30)

Using a first order Euler approximation for dy
dt with a sampling period, Ts, Equation (30) yields the

following discrete time system:

y(k + 1) − y(k)
Ts

= c8(k)
u2(k)
y(k)

− c9(k)y(k) + c10(k) (31)

or equivalently,

y(k + 1) = A(k)y(k) + B(k)
u2(k)
y(k)

+ C(k) (32)

where
A(k) = 1− c9(k)Ts, (33)

B(k) = c8(k)Ts, (34)

C(k) = c10(k)Ts, (35)

and k is the discrete time index (k = 0, 1, 2, . . .), with kTs denoting the sampling instances.
Equation (32) represents a dynamical resistance model of the RSW process, which is characterized

by three unknown time-varying parameters, A(k), B(k), and C(k). The validation of this model is
discussed in the next subsection.

Validation of the Dynamic Resistance Model

The validation of the above dynamic resistance model requires voltage and current data from an
adaptive weld controller that uses feedback signals to adjust its welding voltage with time. A set of
voltage–current data collected from a constant heat controller (CHC) [26], manufactured by Welding
Technology Corporation, is used for this purpose.

Figure 3 shows the welding voltage samples, V(k), and welding current samples, I(k), collected
during a spot weld performed by a CHC machine. The dynamic resistance, R(k), is calculated from the
above data by simply dividing V(k) by I(k) at each sample time, k. Then, a recursive least squares
parameter estimation algorithm, described in Section 4.1 below, is used to estimate the parameters,
A(k), B(k), and C(k), of the above dynamic resistance model. These estimated model parameters are
shown in Figure 4.
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Finally, in order to assess the goodness of fit of the proposed model, the estimated model
parameters, Â(k), B̂(k), and Ĉ(k), are next used to compute the predicted resistance values, Rp(k),
at each sample point, k. The goodness of fit between actual resistance, R(k), and the model-predicted
resistance, Rp(k), is shown in Figure 5, which demonstrates the validity of the above model. It may be
pointed out that similar results were also obtained from other CHC welding data.
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4. Design of an Adaptive RSW Controller

Since the system represented by Equation (32) is characterized by time-varying parameters,
an adaptive controller would be an appropriate tool for controlling such a system. However, the
nonlinear nature of the above system precludes usage of a conventional linear adaptive controller.
In view of above, an adaptive one-step-ahead controller is proposed to be used here. The three key
steps required to implement such a controller involve measurement of the input (welding voltage)
and output (dynamic resistance) at uniform sampling intervals, estimation of the dynamic resistance
model parameters, Â(k), B̂(k), and Ĉ(k), using a recursive parameter estimation algorithm, such as
recursive least squares (RLS), and computation of a control signal based on the estimated parameter
values. The estimation of model parameters and computation of a control signal are discussed in the
following subsections.

4.1. Parameter Estimation

First, the model Equation (32) is rewritten in the following predictive form:

y(k + 1) = ϕ(k)TX∗ (36)

where

ϕ(k) =
[

y(k) u2(k)
y(k) 1

]T
, (37)

X∗ =
[

A B C
]T

. (38)

Here, X denotes the vector of unknown system parameters that are estimated recursively using the
following RLS algorithm:

X̂(k) = X̂(k− 1) +
P(k− 2)ϕ(k− 1)

λ+ ϕ(k− 1)TP(k− 2)ϕ(k− 1)

[
y(k) −ϕ(k− 1)TX̂(k− 1)

]
; k ≥ 1, (39)

P(k− 1) =
( 1
λ

)
[P(k− 2) −

P(k− 2)ϕ(k− 1)ϕ(k− 1)TP(k− 2)

1 + ϕ(k− 1)TP(k− 2)ϕ(k− 1)
], (40)

X̂(0) =
[

0 ε 0
]T

, (41)
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P(−1) = σI, (42)

where λ, 0 < λ < 1, denotes a forgetting factor, ε > 0 is a small number, and B̂(k) is always constrained
to be non-negative, i.e.,

B̂(k) ≥ ε > 0 for all k. (43)

Furthermore, since X̂(k) denotes an estimate of X∗, the predicted output at time k + 1 is defined as:

ŷ(k + 1) = ϕ(k)TX̂(k). (44)

4.2. Adaptive One-Step-Ahead Tracking Controller

A one-step-ahead (OSA) RSW control scheme based on a thermal model of the RSW process was
investigated in [23,24], and a similar methodology is followed here. An OSA controller attempts to
bring the predicted output, y(k + 1) at time k + 1, to the desired value, y∗(k + 1), in one step. Thus,
it minimizes the following cost function [27]:

J1(k + 1) =
1
2
[y(k + 1) − y∗(k + 1)]2 (45)

The corresponding OSA control law is given by:

u2(k) =
y∗(k + 1)y(k) −A(k)y2(k) −C(k)y(k)

B(k)
(46)

or equivalently,

u(k) =

√
y∗(k + 1)y(k) −A(k)y2(k) −C(k)y(k)

B(k)
. (47)

The above control signal needs to be constrained by the maximum voltage delivery capacity of the
weld controller, umax, as follows:

u(k) =


u(k), i f 0 < u(k) < umax

0, i f u(k) ≤ 0

umax, i f u(k) ≥ umax

(48)

The adaptive OSA controller uses the estimate, X̂(k), in Equation (39) to compute the control signal,
u(k), from the following adaptive version of Equation (47):

u(k) =

√
y∗(k + 1)y(k) − Â(k)y2(k) − Ĉ(k)y(k)

B̂(k)
(49)

where Â(k), B̂(k), and Ĉ(k) denote the estimated values of A(k), B(k), and C(k), respectively, at time k.

Remark

Since welding times are usually very short (less than 0.5 sec), establishing proof of asymptotic
tracking would be meaningless here. However, since the input voltage and output resistance are
bounded in this case, the regression vector, ϕ(k), in Equation (36) is bounded for all k. This ensures that
the RLS parameter estimation algorithm, described by Equations (39)–(42), possesses nice convergence
properties [27] that help the output resistance track the reference resistance profile. Furthermore,
since most RSW applications require successive welds under very similar conditions, tracking can be
significantly improved by initializing the RLS parameter estimator to the nominal values of the process
parameters, which essentially remain constant or change very slowly from one weld to the next.
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5. Simulation Results and Discussion

The results of a simulation study to evaluate the performance of the proposed controller and
compare it to that of a PID controller are presented in this section. Both controllers are designed for
tracking a desired reference resistance profile.

As mentioned earlier, a reference resistance profile serves as a good indicator of the weld quality.
Therefore, it is desirable to maintain the dynamic resistance of a (forming) weld nugget reasonably
close to a reference resistance profile. For these simulations, two sheets of 1.2-mm-thick mild steel were
used as the materials to be welded. The properties of this material and the RSW model parameters are
listed in Table 1 below.

Table 1. Material properties and RSW model parameters.

Symbol Description Value Units

ρ Density 7800 Kg.m−3

Cp Specific Heat 480 J.Kg−1.C−1

a Nominal Nugget Radius 2.50 × 10−3 m

p Nominal Nugget Penetration per Sheet 1.08 × 10−3 m

k Thermal Conductivity 15.1 W.m−1.C−1

l1 Nominal Indentation per Sheet 1.20 × 10−4 m

β Penetration to Workpiece Thickness Ratio 0.8 no units

L Sheet Thickness 1.20 × 10−3 m

b Electrode Radius 3.00 × 10−3 m

L f Latent Heat of Fusion 2.73 × 105 J.Kg−1

H Heat of Fusion 2.13 × 109 J.m−3

α Thermal Diffusivity 4.03 × 10−6 m2.s−1

θI Interface Temperature 500 ◦C

θ◦ Initial Temperature 20 ◦C

αr Temperature Coefficient 0.0066 ◦C−1

ρ◦ Resistivity @ 20 ◦C 0.15 µΩ.m

A typical reference resistance profile for a good weld made on such a workpiece is shown in
Figure 6, and it is used as a reference in this study. Depending on the error signal, the welding voltage
is adjusted so as to reduce the resistance tracking error. Also, the controller is assumed to be capable of
delivering a maximum voltage, Vmax = 1600 mV.
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Although RSW welds are usually performed under constant force, some variations of the applied
pressure always occur during welding. Also, electrode tips exhibit wear and tear due to repeated
hammering and deposition of metals on the tip surfaces. In view of above, force variation and electrode
wear are considered to be unknown process (noise) variables that impact the nugget size (diameter
and penetration). Since an RSW weld controller must be evaluated in the presence of such ubiquitous
process (noise) variables, the performance of an AOSA controller and a PID controller are tested in
case of a 20% increase in nugget diameter and a 50% increase in indentation from their nominal values.

Figure 7 shows the performance of the AOSA controller. It can be seen that the AOSA controller
adapts to the parameter changes and enables the output resistance profile to follow the desired
resistance profile reasonably well. In fact, tracking can be further improved by initializing the RLS
parameter estimator to the nominal values of the process parameters. Also, the energy required to
perform the weld is found to be 1180 J.
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Figure 8 shows the performance of a PID controller. After a number of trials to tune the performance
of the PID controller, the optimal gains of the controller were chosen to be as follows: Proportional (P)
= 0.023, Integral (I) = 3.14, Derivative (D) = −6.99. At its best performance, it can be seen that the PID
controller initially loses track of the reference resistance profile due to variation of welding parameters,
which can be detrimental to nugget formation. Also, it can be seen that the PID controller requires
more energy (1217 J) to perform the weld, as compared to AOSA.

Comparing the simulation results for the above controllers, the AOSA controller is seen to exhibit
satisfactory performance and, in this case, the output resistance profile tracks the desired reference
resistance profile quite well. Also, it may be noted that the total energy required to perform a weld
using an AOSA controller is less compared to that used by a PID controller. In the long run, this can
yield significant energy savings for applications requiring a high volume of spot welds, such as
manufacturing of automotive vehicles.
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6. Conclusions

This paper proposes a new theoretical approach of designing an AOSA controller for resistance spot
welding that utilizes a simplified dynamic resistance model of an RSW process. The development of this
model and its validation are discussed in detail. It also presents the results of a simulation study that
compares the performance of the proposed AOSA controller with that of a PID controller. The simulation
results indicate that an AOSA controller is capable of compensating for some process parameter
variations, and also enables tracking of a desired reference resistance profile. Also, these results indicate
that an AOSA controller is capable of reducing the energy consumed per weld, which may yield
significant energy and cost savings for applications requiring a high volume of spot welds. It should be
mentioned, however, that this paper only lays the foundation of a viable adaptive RSW control scheme
based on a dynamic resistance model. Actual hardware implementation and testing of the proposed
scheme is currently under investigation and results of these studies are expected to be presented in a
follow-up paper.
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