
 

 

 

  

Abstract—Friction stir welding (FSW) is a relatively new and 
promising joining process that is the subject of much current 
research. With constant welding parameters the axial force can 
vary significantly due to changes in workpiece temperature and 
other process variations, producing welds with inconsistent 
microstructure and tensile strength. Control of the axial weld 
force is desirable to improve the weld quality. 

In this work an observer-based adaptive robust control 
(ARC) approach for the axial force of FSW is used to overcome 
process disturbances and model errors stemming from the 
simplistic dynamic models suitable for control. Good correlation 
is shown between spindle power and axial force, allowing 
readily available power measurements to be used for feedback. 
A model of the axial force is developed as a combination of a 
nonlinear static gain and linear dynamics. A force controller is 
constructed using the ARC approach and estimated state 
feedback from the adaptive divided difference filter (ADDF). 
Verification experiments are conducted on a vertical milling 
machine configured for FSW using an open architecture 
controller. The combined ARC/ADDF technique is shown to 
dramatically reduce axial force variations. 

I. INTRODUCTION 
RICTION stir welding (FSW) is a promising new joining 
process that is currently under heavy research. The FSW 

process can be used for many materials, including aluminum 
alloys, steel, titanium and plastics. The process uses a non-
consumable rotating tool consisting of a pin extending below 
a shoulder that is forced into the adjacent mating edges of 
the workpieces as illustrated in Fig. 1. The heat input, 
forging action, and stirring action of the tool induces a 
plastic flow in the material, forming a solid state weld [1]. 

Consistent axial force is required to produce good weld 
microstructure [2], but with constant weld parameters the 
axial force can vary significantly during welding [3], 
producing welds with inconsistent tensile strength values. 
The cause of such variation cannot be captured in simple 
dynamic models and must be compensated for by the 
controller. 

FSW axial force control is implemented in [4] through 
plunge depth regulation, which produces an uneven surface 
finish. Most of the force increase from increased plunge 
depth is transitory, and can lead to control instability in the 
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form of constantly increasing plunge depth. A discrete 
controller designed by pole placement is used in [5, 6] but 
lacks a mechanism for handling uncertainties. Industrial 
robots with existing force controllers are used for FSW force 
control in [7]. 

FSW is governed by spindle speed, traverse rate, and 
plunge depth. The heat generation rate is essentially 
governed by the spindle speed [8, 9], so that increasing the 
traverse speed decreases the average heat input. This leads to 
a slightly lower material temperature and increased tool 
forces. Thus, utilizing traverse speed as the control variable 
can produce a weld with more consistent microstructure 
qualities while maintaining a constant plunge depth. 

Common linear control techniques such as PID or state 
space methods can suffer in the presence of model 
uncertainties or disturbances, and may become unstable 
when applied to nonlinear systems. Adaptive controllers 
(AC) such as those in [10, 11] produce excellent control 
results for nonlinear systems with linear plant parameter 
variation. However, nonlinear uncertainties and disturbances 
can reduce performance and lead to instability. Robust 
controllers (RC) [12, 13] and the sliding mode controller 
(SMC) [14] can guarantee the transient performance as well 
as the steady state error in the presence of uncertainties and 
disturbances, but suffer from the matching condition problem 
and utilize high or switched gains that are unrealizable or can 
introduce chatter. 

The adaptive robust control (ARC) discussed in [15] 
combines AC and RC to utilize the strengths of each method 
while eliminating their shortcomings. Using ARC in a 
backstepping framework [16–18] avoids the matching 
condition problem and makes it systematically applicable to 
systems in semi-strict feedback form. This approach requires 
full state feedback, which is impossible for many systems. 
Therefore an observer is used to estimate unmeasured states. 

Sliding mode [19] or unique Lyapunov-based [20, 21] 
nonlinear observers are difficult to apply systematically. This 
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Fig 1.  Friction stir welding arrangement. 
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has led to nonlinear extensions for linear techniques such as 
the Extended Kalman filter (EKF) [22] and the improved 
EKF methods such as the unscented Kalman filter (UKF) 
[23] and the divided difference filter (DDF) [24]. Additional 
improvements to stability and accuracy have been made by 
the adaptive divided difference filter (ADDF) [25], which 
can be applied to a wide range of nonlinear systems. 

Using backstepping ARC with ADDF state estimates 
yields a robust and adaptive nonlinear observer-based 
control scheme that can be systematically applied to many 
nonlinear control problems, including those encountered in 
manufacturing. In this work the ARC/ADDF approach is 
used to control the axial force of FSW. A spindle power-
based feedback signal is used to eliminate the need for 
expensive force sensors. The traverse rate is used as the plant 
input to improve weld quality and surface finish. 
Experimental implementation of the approach is provided. 

II. EXPERIMENTAL SETUP 
The FSW experimental setup consists of a Mazak VQC-

15/40 vertical machining center configured to perform butt 
welds. The Mazak can be controlled using an open 
architecture controller (OAC) developed in [26, 27]. The 
OAC is implemented using a National Instruments (NI) PXI-
8176 computer with the LabView real-time operating 
system. The computer uses digital I/O cards to communicate 
with the in-house built data interface board that in turn 
communicates with the axes drive data bus. A graphical user 

interface (GUI) is implemented on a remote desktop 
computer. This arrangement is illustrated in Fig. 2. 

The FSW tool (shown in Fig. 3) has a shoulder diameter 
of 5 mm, and a 2.5 mm long threaded pin with three flats that 
tapers from 3.0 to 2.0 mm. The workpieces are 76×101×6.35 
mm plates of 7075 aluminum, as shown in Fig. 4. The 
welding forces are measured for experimental verification 
using a three axis Kistler 9257B dynamometer and Kistler 
5004 amplifier. The spindle motor power is simultaneously 
measured with a Load Controls, Inc. PH-3A power cell. 

III. FORCE MEASUREMENT 
Spindle motor power sensors are much less expensive than 

force sensors, and are already present on most machine tools. 
The use of spindle motor power as a force feedback signal is 
described below. 

A. Force Calculation from Power 
In [28] the authors calculate tool power tP  (W), or heat 

input per unit time 0q , as 
32

30 t eq P SM SpRµ π= = =  (1) 
where S  (rad/sec) is the spindle speed, M  is the torque, eµ  
is an effective friction coefficient that lumps the effects of 
spindle motor efficiency, tool pin profile, and workpiece 
shearing, p  (Pa) is the pressure on the plate, and R  (m) is 
the radius of the tool shoulder. Since the axial force is 

2
zF pRπ=  (N), one can obtain 

2
3t e zP SF Rµ= . (2) 

The tool power is related to the measured spindle power, 
mP  (W), by subtracting the power required to idle the tool, 

iP  (W), at a given spindle speed: t m iP P P= − . Combining 
this with (2) and solving for zF  yields: 

( ) ( )90 / 2z m i eF P P Rπµ ω= −  (3) 
where 60

2 Sπω = is the spindle speed in RPM. 

B. Spindle Idle Power Identification 
The idle power was identified by measuring the spindle 

power at various speeds in the expected FSW operating 
range of 1000–3000 RPM (CCW). The data shows a good fit 
( 2 0.999R = ) to the linear trend line  

0.13 24.3i i iP a bω ω= + = + . (4) 
Combining (4) with (3) yields the final axial force equation: 

90

2
m i

z i

e

P bF a
Rπµ ω

 −
= −  

 
. (5) 

C. Effective Friction Coefficient Identification 
To identify eµ  the weld forces and spindle power were 

measured during experiments listed in Table I. Each welding 
process consists of three stages: plunging into the workpiece 
at a rate of 12 mm/min, preheat welding at a rate of 40 
mm/min for 5 mm, and finally welding at full speed for 85   

Fig. 3.  FSW tool. Fig. 4.  FSW experiment setup. 

 
Fig. 2.  Mazak OAC layout. 
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mm. At the end of the weld, the tool is immediately 
withdrawn from the workpiece. All welding operations are 
performed on the face of a single workpiece, i.e., bead-on-
plate. 

Typical force and power trends for the three main stages 
of a welding process are shown with results of a single 
experiment in Fig. 5. The value of eµ  becomes nearly 
constant during the full speed portion of the weld, as shown 
in Fig. 6. The average experimental friction coefficient was 
found to be 1.12 with a standard deviation of 0.09. 

IV. AXIAL FORCE DYNAMICS 
The model of FSW axial force, zF  (N), is constructed as a 

static nonlinear gain with a unity gain linear dynamic model. 
The input velocity v , spindle speed ω  and plunge depth d  
are mapped through the nonlinear input gain ( ), ,f d vω . The 
linear dynamic submodel represents the dynamic behavior of 

the average axial force, zF . An output disturbance ∆  is also 
considered. 

The dynamic model was fit to the average step responses 
taken from the transition from slow to normal regions (see 
Fig. 5) for experiments 13 and 14 described in Table I. 
Measurement noise was filtered out to aid model 
identification. The filtered data was offset and scaled to unity 
gain, and then modeled by the transfer function 

( ) ( ) ( ),0 , ,0z z z ss zG s F F F F= − −  (6) 

where ,0 ,,z z ssF F  are the initial and steady state axial force 
values, respectively. The MATLAB system identification 
toolbox was used to fit a model to the data, resulting in 

( ) ( )2614.6 54.57 614.6G s s s= + + . (7) 

The full scale signal can be reconstructed by 
( )( ), ,0 ,0z z ss z zF G s F F F= − + . (8) 

The full scale simulated dynamics are compared with the 
unaltered experimental data in Fig. 7. To facilitate control 
implementation the input gain is modeled with the form of 

( ), , ,z ssF f d v K d vα β γω ω= = , (9) 
similar to that used in [2], with coefficients of , , ,K α β γ . 

Experiments show that a constant axial force is rarely 
achieved during the normal welding portion. To determine 
the coefficients of (9) an effective steady state force was 
determined as the average axial force over the last half of the 
normal portion of each experiment to capture typical 
variation while excluding initial transients. One additional 
data point, referred to as exp. #0, was taken from the “slow” 
portion of exp. #13 to include the parameter range used in 
the step response analysis. 

The model coefficients were fit using least squares by 
setting K eκ=  and taking the natural log of (9), i.e., 

( ) ( ) ( ) ( )
( ) ( ) ( )

,ln 1 ln ln ln
12.9 .782ln .031ln .162ln .

z ssF d v
d v

κ α ω β γ
ω

= ⋅ + + +
= − − +

 (10) 

The R2 coefficient is .702 and the average absolute error is 
141 N. As seen in Fig. 8, the model is inaccurate but 
captures the general trend of the data. 

Defining an offset regime ‘*’ for control design where 
( )*

0, ,z zF F f d vω= − and ( ) ( ) ( )*
0, , , , , ,f d v f d v f d vω ω ω= −  

and substituting them into (8) yields the nominal offset 

 
Fig. 5.  Typical force and power response for the main stages of a stir weld. 
From top to bottom: axial force (N), spindle power (W), lateral force (N), 
and (negative) traverse force (N). 

 
Fig. 6.  Calculated eµ  for experiments 1–2 (typical of all experiments). 

 
Fig. 7.  Full scale simulated dynamic response (dashed) compared with 
experimental axial force response to traverse velocity step change from 40 to 
180 mm/min from experiment #13 (solid). 

TABLE I 
FRICTION COEFFICIENT EXPERIMENT CONDITIONS 

Experiment # Plunge 
Depth (mm) 

Feed Rate 
(mm/min) 

2500 RPM 2000 RPM   
1 10 0.02 120 
2 11 0.11 120 
3 12 0.20 120 
4 13 0.02 180 
5 14 0.11 180 
6 15 0.20 180 
7 16 0.02 240 
8 17 0.11 240 
9 18 0.20 240 
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dynamics 
( ) ( )* *

12.9 0.782 0.031 0.162

2

, ,
614.6 .

54.57 614.6

zF G s f d v

e d v
s s

ω

ω− −

=

=
+ +

 (11) 

For a given set of constant parameter values ω  and d the 
simplified notation ( )*

,df vω  is used. The dynamic model is 
represented in the state space form as 

( ) ( )
[ ]

* *
, ,

*

0 1 0
614.6 54.57 614.6

1 0 ,

d d

z

A f v f v

F C

ω ωζ ζ ζ

ζ ζ

   = +Β = +− −      
= +∆= +∆


 (12) 

where ζ  is the state vector. 

Uncertainty in *
,dfω  

is represented by introducing a 

bounded unknown parameter 1θ  such that * *
, 1 ,

ˆ
d df fω ωθ= . To 

accommodate control design the system input is linearized 
with ( )*

,
ˆ

du f vω= . The output disturbance is defined as 

2θ∆ = + ∆  where 2θ  represents the slowly varying part of 

the disturbance, and ∆  represents the high frequency noise. 
The linearized model dynamics are now of the form 

1
*

2 .z

A B u
F C
ζ ζ θ

ζ θ
= +
= + + ∆



  (13) 

Define the parameter estimates î i iθ θ θ= −   where iθ  is the 
estimate error. Assuming the bounds of iθ  are known, the 
following discontinuous projection adaption law is used 

( )ˆ
ˆ Proj

i
i i iθ

θ γ τ=
  (14) 

where 0iγ >  is the adaptation gain and iτ  is an adaptation 
function that will be determined later. The projection 
mapping is defined in [17] as 

( )
,max

ˆ ,min

ˆ0 if  and 0
ˆPr 0 if  and 0

otherwise.i

i i i

i i i i

i

oj
θ

θ θ
θ θ

 = • >
• = = • <
•



 (15) 

V. CONTROL DESIGN 
The ARC method is applied to the system in a 

backstepping framework to accommodate the unmatched 
disturbances in the system. The first state can be calculated 
from the output measurement, but the second state must be 
estimated. The first error term is defined as * *

1 ,z z dz F F= −  

and has the derivative *
1 2 ,z dz Fζ= + ∆ −  . The first virtual 

control law can then be chosen as *
2, 1 1 , 1d z d sk z Fζ α= − + +  

where 1 0k >  is a control gain and 1sα  is a robust control 
term which is designed later. The second error term is then 

2 2 2,dz ζ ζ= − . 
A Lyapunov function considering both error terms is 

2 21 1
2 22 1 2V z z= + , which has the derivative 

( ) ( )2
2 1 1 2 2 1 1 1 1 2 1 2sV z z z z k z z z z zα= + = − + + ∆ + +     where 

*
2 1 2 1 1 1 , 1614.6 54.57 614.6 z d sz u k z Fζ ζ θ α= − − + + − +   . (16) 

Substituting *
1 2zFζ θ= − − ∆  from the output equation and 

1z
 
from above into (16) yields 

( )*
2 2 2 1

* *
1 2 1 1 , , 1

614.6 54.57 614.6

.

z

z d z d s

z F u

k k k F F

θ ζ θ

ζ α

= − − − ∆ − +

+ + ∆ − − +



   
 (17) 

The control law a su u u= + , where au  is a model 
compensation term and su  is a robust term, can now be 

constructed. The control law must use 1 2 2
ˆ ˆ ˆ, ,θ θ ζ  since the 

actual values are not available. This lead to a final control 
law of 

( ) ( )

( )

* *
2 2 1 2 ,

*
1 , 1

2 2 1 2
1

ˆ ˆ ˆ614.6 54.571
ˆ614.6

1 ,ˆ614.6

z z d
a

z d s

s s

F k F
u

F
u k z z

θ ζ ζ
θ α

α
θ

 − + − −
 =
 + − 

= − − +



   (18) 

where 2 0k >  is a control gain and 2sα  is a robust term 
designed later. Substituting (18) into (17) leads to the 
Lyapunov function dynamics 

( )
( )

2 2
2 1 1 1 1 2 2

2 1 2 1 2 1 2 2614.6 54.57

s

s

V k z z k z

z u k k

α

θ θ ζ ζ α

= − + + ∆ −

 + − + − ∆ − + ∆ + + 
 

 

    
 (19) 

which are stable if 

( )
( )

1 1 1

2 1 2 1 2 1 2 2 2614.6 54.57

s

s

z

z u k k

α ε

θ θ ζ ζ α ε

+∆ ≤

 − + −∆− + ∆ + + ≤ 
 



    
 (20) 

where 1 2,ε ε  are design parameters. The adaptation terms are 
selected to be 1 2 2 2614.6 , 614.6z u zτ τ= = . 

For implementation proportional gains are used for the 
robust control terms isα , and are lumped with the ik  gains. 
The selected control gains are 1 10k =  and 2 50k = , and the 
adaptation gains are selected as 1 2 11eγ = −  and 2 2 4eγ = − . 

A. Observer 
State estimates are calculated by the ADDF developed in 

[25], which operates on systems of the form 
( )1 ,k m k k k

k k k

x f x u w
y Hx v

+ = +
= +

 (21) 

 
Fig. 8.  Experimental vs. modeled forces. 
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with state vector n
kx R∈ , output p

ky R∈ , input m
ku R∈ , 

and nonlinear plant model ( ),m k kf x u . kv  and kw  are 

random variables with covariances kQ  and kR  [25]. The 
continuous model is discretized using Euler integration. 

The ADDF implementation requires only a model of the 
system and the parameters listed in Table II. During 
operation the state estimates, state covariance and output 
covariance estimates are calculated and may diverge if 
significant model error exists. This problem is resolved by 
recognizing the predicted output covariance is an upper 
bound on the measured output covariance and adapting the 
estimated covariance to meet this condition. The adaptation 
is formulated as a linear matrix inequality (LMI) 
optimization problem. To maintain deterministic operation 
of the control loop the state estimation was performed on a 
real-time computer while the LMI optimization was 
performed in non-real-time on the GUI computer (see Fig. 2) 
using the CSDP solver [29]. 

VI. EXPERIMENTAL RESULTS 
Experimental runs for the conditions listed in Table III 

consisted of plunging into the material at 12 mm/min, then 
preheating the part by moving 3 mm at a rate of 6 mm/min. 
Control was then enabled and welding was performed for 87 
mm. For consistency between experiments, welding was not 
performed until the workpiece was cooled to 30°C or less. 

Fig. 9 shows the measured and calculated (i.e. spindle 
power-based) axial force for one run of the each process 
condition set.  The commanded velocity results for each set 
are shown in Fig. 10.  The estimated parameter values are 
shown in Fig. 11. In each case the calculated axial force is 
maintained at or very near the desired force during the 
controlled portion of the weld with the exception of some 
deviation from the desired force at the end of the weld. This 
behavior can be attributed to heat buildup in the workpiece 
near the edges where heat generated by the tool cannot be 
transferred away from the tool in all directions. The heat is 
reflected and increases the local material temperature which 
softens the material and reduces welding forces. The 
controller responds in each case by increasing traverse 
velocity to near the allowed maximum of 240 mm/min. 

Some discrepancy is observed between the calculated and 
actual force values and slope. This indicates that the 
relationship in (5) does not consider all necessary variables. 
Similarities in the shape of the actual power measurement 
and the velocity profile hint that the force calculation could 
be improved by considering the traverse velocity in (5). 

These results demonstrate the control of FSW axial force 
by manipulating the traverse velocity. The combined 
ARC/ADDF approach is shown to perform well even in the 
presence of significant process variation and model error. 
Using the spindle motor power as a measure of axial force is 
also shown to be feasible, but may require further refinement 
if more accurate control is required. 

VII. CONCLUSION 
FSW is a new and advantageous welding technique, but 

can produce welds of inconsistent quality when performed 

 
Fig. 9.  Typical axial force for each experiment condition. Vertical lines 
indicate the start of control. The horizontal line is the desired force. 

 
Fig. 10.  Commanded velocity for each experimental condition set. 

TABLE II 
ADDF IMPLEMENTATION PARAMETERS AS DEFINED IN [25] 

Parameter Description Value 

0̂
uP  Initial state covariance estimate 10I 

kQ  Process noise covariance 10-6I 

kR  Output noise covariance 10-6 

α  Tuning parameter 10 
β  Tuning parameter 2 
ρ  Tuning parameter 0.2 

 

TABLE III 
AXIAL WELDING FORCE EXPERIMENTAL PROCESS CONDITION SETS 

Exp. # 1–3 4–6 7–9 
Exp. Cond. Set # 1 2 3 
Spindle Speed 
(RPM) 

2500 2000 2250 

Plunge Depth (mm) 0.11 0.20 0.15 
Des. Axial Force (N) 2000 2300 2300 
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with constant process parameters. To improve weld 
consistency, axial force control is implemented in this work. 
A good correlation between spindle power and axial weld 
force is shown. This eliminates the need for expensive and 
impractical force sensors by allowing cheap and commonly 
available power measurements to be used in their place. An 
observer-based nonlinear controller was constructed using 
the systematically applicable ARC and ADDF techniques. 
Experimental implementation shows that the control 
approach offers significant improvements to the weld force 
consistency in the presence of large model uncertainty and 
external disturbances. Comparisons between the actual force 
and the spindle power-based calculated force indicate that 
the modeled relationship could be improved. 
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