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Abstract 
Reluctance linear actuator, which has a unique property of small volume, low current and can 
produce great force, is a very promising actuator for the fine stage of the next-generation litho- 
graphic scanner. But the strong nonlinearities including the hysteresis, between the current and 
output force limits the reluctance linear actuator applications in nanometer positioning. In this 
paper, a new nonlinear control method is proposed for the stage having paired reluctance linear 
actuator with hysteresis using the direct adaptive neural network, which is used as a learning 
machine of nonlinearity. The feature of this method lies in that the nonlinear compensator in 
conventional methods, which computed the current reference from that of the input and output 
force is not used. This naturally overcomes the robustness issue with respect to parameter un- 
certainty. Simulation results show that the proposed method is effective in overcoming the non- 
linearity between the input current and output force and promising in precision stage control. 
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1. Introduction 
In integrated circuit (IC) manufacturing, lithographic scanner uses reticle and wafer stage based on a two layer 
coarse and fine structure [1] to achieve high acceleration and high precision during quick synchronous scanning. 
The coarse stage moves in long stroke with high acceleration to realize micrometer level positioning precision 
while fine stage moves in a short stroke to realize nanometer-level positioning precision. Therefore, the fine 
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stage is playing the key role in lithography. 
The more functionality is packed into each IC, the smaller feature size indicative of the smallest component 

that can be manufactured in one IC is required. Today, this minimum feature size is about [2], and in a fore- 
seeable future it will be smaller. And the chip manufacturers continually increase the productivity in such de- 
manding nanoprecision conditions. The high speed, high acceleration and nanopositioning precision require- 
ments make the lithographic scanner challenging from a position control perspective. Due to its low efficiency 
and high power dissipation, the voice coil actuator is no longer the best choice as the main driving actuator for 
the next-generation fine stage [3]. 

Since the reluctance linear actuator can provide a greater force with a small volume and low power gain than 
the voice coil actuators, it can provide a solution for driving the fine stage [4]. However, the reluctance linear 
actuator has a strong nonlinearity between the input current and output force, so we need to study the control 
method to obtain a predictable force for the requirements in nanopositioning accuracy. Conventionally, the 
positioning control design of a stage falls into two parts: 1) the actuator dynamics is omitted and the force is 
designed; 2) the current reference is computed from the designed force based on their static nonlinear relation 
[5]. But it does not consider the effect of hysteresis and parameter uncertainty [6] on the force accuracy. For the 
hysteresis compensation, using the inverse hysteresis model [7] is the most noticeable. Reference [8] proposed 
an inverse hysteresis model and obtained a good performance for the reluctance linear actuator. However, the 
above methods both need precise hysteresis model, which is generally complex and hardly to obtain. 

Owing to its online self-learning ability, the neural network provides a good solution for solving nonlinear 
problems. Especially, the multi-layer neural network (MNN) is effectively used in nonlinear discrete-time sys- 
tem identification and control [9] [10]. Although a lot of researches have been done on the neural network ap- 
plication to the hysteresis [11] [12], there is few hysteresis compensation algorithms for the reluctance actuator 
from the available information. A hysteresis compensation configuration for the current-driven reluctance ac- 
tuator with hysteresis using adaptive MNN has been proposed in paper [13] by the authors, but this method has 
to use the reluctance actuator model. 

In this paper, a new and direct adaptive MNN [10] controller is proposed for the current-driven reluctance 
linear actuator with hysteresis. The main advantage of the proposed adaptive MNN controller is that the reluc- 
tance linear actuator model and the inverse hysteresis model are not required. Then, a control configuration is 
proposed for stages having paired E/I core actuator with hysteresis using the proposed adaptive MNN controller. 
Simulations are conducted on a stage having paired reluctance actuator with hysteresis and the results show that 
the adaptive MNN controller is effective in overcoming the nonlinearity and parameter uncertainty of the reluc- 
tance linear actuator. 

2. Parametric Hysteresis Operator 
Hysteresis is a typical nonlinearity encountered over a wide range of applications. The hysteresis can be briefly 
defined as a loop in the input-output map. In this section, the parametric hysteresis operator [8] is reviewed, 
which is defined in the discrete time domain for the ease of implementation. 

Definition 1. Let ( ) ( ),  r k y k  be bounded, 1 2,  0λ λ > . Then the parametric hysteresis operator 

( ) ( ) 1 2, ,hysy k H r k λ λ=                                       (1) 

is defined as follows: when ( ) ( )1 0r k r k+ − ≥ ,  

( ) ( ) ( )( )( )2 0
0 0 2

2

1 e m r k ry k r k y r m W m λλ
λ

+ −= + − + − ⋅                         (2) 

when ( ) ( )1 0r k r k+ − < ,  

( ) ( ) ( )( )( )2 0
0 0 2

2

1 e n r k ry k r k y r n W n λλ
λ

− += + − − + ⋅                         (3) 

where 1 0 0m r yλ= + −  and 1 0 0n r yλ= − + , ( )0r r k∗=  and ( )0y y k∗= . The indicator k∗  denotes the last  

time instant before k  when the difference of r  changed sign, i.e. an extremum occurred, which corresponds 
to a corner point of the y r−  curve in Figure 1. The parameter 1λ  represents the amount of hysteresis around 
the straight line ( ) ( )r k y k=  and defines the asymptotes, while the parameter 1λ  defines the smoothness of  
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Figure 1. Input ( )r k  (left) and the corresponding output ( )y k  map (right) 
trajectories of the parametric hysteresis operator.                              

 
the hysteresis loops, i.e. the rate of convergence towards the left or right asymptote. W is the principal branch of 
the Lambert W function [14]. 

3. Reluctance Actuator Models 
Reluctance linear actuator is a type of electric motor that induces non-permanent magnetic poles on the fer- 
romagnetic rotor and produces temporary magnetic. The reluctance actuator is named as such because it uses 
magnetic reluctance to generate force, which can be called reluctance force. The E/I core actuator is a most basic 
linear reluctance linear actuator [15]. As shown in Figure 2, the actuator includes a generally Cobalt-Iron E 
shaped electromagnet and an I shaped target. The electromagnet has an electrical coil wound around the center 
section. Current flowing through the coil generates a magnetic flux and this flux creates a reluctance force on the 
target. The amount of current determines the amount of reluctance force. The reluctance force F  acting on the 
I target is described by [15]:  

2

2
g

iF
x

η=                                           (4) 

where 
2

0

4
N Aµ

η =  is the electromagnetic constant, 0µ  is the permeability of air, N  is the number of turns  

in coil on the center leg of the E-core and A  is the area of the air gap. It is a lumped model which disregards 
unmodeled effects such as hysteresis leakage, fringing and saturation. 

However, the E-core coil uses the soft magnetic material, which has magnetic hysteresis [6] between the 
magnetic field H  and the bulk magnetic flux density B . It is shown that the hysteretic B-H can be modeled 
[9] by the parametric hysteresis operator Equation (1). Then we get a reluctance linear actuator model with 
hysteresis as:  

( ) 2
1 2

2

, ,hys

g

H i
F

x

λ λ
η
  =                                   (5) 

This model contains both the hysteresis and the quadratic relation between the input current i  and output 
force F . 

4. Nonlinear Control Using Adaptive Neural Network 
Figure 3 shows a typical feedback control loop for a current-driven reluctance linear actuator, in which “C” 
denotes a linear position controller. The position controller uses the air gap gx  measured by a position sensor 
to generate the force command dF . The power amplifier supplies the current for the reluctance linear actuator. 
From Equation (4), the current command is obtained [5] as: 

2
d g

d
d

F x
i s

η
⋅

=                                      (6) 



Y.-P. Liu et al. 
 

 
216 

 
Figure 2. Sketches of the E-core actuator.      

 

 
Figure 3. Shapes of an input current and the corresponding output 
force based on the reluctance actuator model with hysteresis.          

 
where dη  is the estimate of real constant η . But the current compensator Equation (6) does not consider the 
hysteresis in the reluctance force and is highly sensitive to the parameter dη . However, hysteresis effect must 
be considered for high-precision motion control. In the following, a direct hysteresis compensator for the reluc- 
tance actuator based on the adaptive MNN is proposed. 

It is well known that in control engineering, artificial NN can be used as a universal function emulator. MNN 
is a static feed-forward network that consists of a number of layers, each layer having of number of McCulloch- 
Pitts neurons. Due to its hidden layers, the MNN can approximate any continuous nonlinear function. Once the 
hidden layers have been selected, only the adjustable weights have to be determined to specify the networks 
completely. When the weights are updated online, the network is called adaptive MNN. 

A nonlinear controller using the adaptive MNN [10] for the current-driven reluctance actuator is proposed as 
shown in Figure 4. This structure has the advantages is that study the nonlinearity between the force command 

dF  and the output force F  and overcomes the robustness issue with respect to parameter uncertainty. The 
feedback force F  can be estimated from the relation F ma= , with m  the stage mass and a  the actual ac- 
celeration. The actual acceleration a  can be measured by an accelerometer or computed from the measured 
gap position gx  by a digital double differentiator. The double differentiation may introduce a noise. However, 
when using a filter such as the least-square method and considering the noise level, it makes double differ- 
entiation acceptable as a method to calculate the stage acceleration [16]. In this article, the acceleration a  is 
measured by the accelerometer. The detail of the adaptive MNN is as follows. 

At instant k , the command current ( )di k  is given by:  

( ) ( ) ( ) ( )( )T
di k k k kξ= TW V p                                (7) 

where ( ) [ ] 1
1 1, , l

lt w w +
+= ∈W R  and ( ) [ ] ( )1

1, , n l
lt v v + ×= ∈V R

 are weighting matrices, l  is the number 

of hidden-layer neurons, select ( ) ( ) ( ) ( ) ( )1 , , 1 ,d dk F k F k F k F k= + +  p , then ( ) ( ) T
,1k k=   p p  denotes 

the neural network input, ( )( ) ( )( ) ( )( ) TT T T
1 , , ,1lk v k v kξ ξ ξ =  V p p p  with ( ) ( )1 1 e ppξ −= + . The force 

tracking error is: 

( ) ( ) ( )1 dk F k F kε + = −                                   (8) 

The neural network weights are updated online based on the adaptive laws using the force tracking error 
Equation (8). The adaptive update laws are chosen as 
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Figure 4. Direct adaptive MNN control for reluctance linear actuator.   

 

( ) ( ) ( ) ( )ˆ1 Proj 1wWk k k kξ ε+ = − Γ +  W W                           (9) 

( ) ( ) ( ) ( ) ( )T1 Proj 1v lk k k k kξ ε ′+ = − Γ + VV V z W                      (10) 

where wγ  and vγ  are the positive learning rates, ( ) ( ) ( ){ }1diag , , lk k kξ ξ ξ= 
 with ( ) ( )( )T

i ik v kξ ξ= p , 

( )
T

1 , ,1 1l l l = = z z  is a vector compatible with ( )kV . ( ) ( ) ( ){ }1diag , , lk k kξ ξ ξ′ ′ ′= 
 is a diagonal 

matrix with ( ) ( )( )T
1 ik v kξ ξ′ ′= p . Since the output of the hidden layer neural network is directly related to the 

input of the output weight, so the output weight W  is introduced in Equation (10). Define the projection func- 
tion ( ) ( ){ }Proj Proj jkθ θ∗ = ∗ , whose element in the j -th row and k -th column is: 

( )
,max

,min

   and   0
if

    and   0,Proj

otherwise

jk

jk

jk jk

jk
jk jkjk

jk

θ

θθ

θ ρ

θ ρ

 = ∗ <−∗  = ∗ >∗ =  

∗

                     (11) 

where ∗  is either a vector or matrix with its element being jk∗ , ,minjkθρ  and ,maxjkθρ  are presumed upper  

and lower boundaries of ijθ , and θ  denotes W  and V . However, due to the fact that those bounds may not 
be known a prior, certain fictitious large enough bounds can be used [17]. It is just need to limit the output 
amplitude of the output of adaptive MNN Equation (7), e.g. corresponding the power amplifier input limit 

10v± . 

5. Application to 1-DOF Stage Having Paired Reluctance Linear Actuator 
Due to the nature of reluctance force, an E/I core actuator can only generate a unidirectional attractive force. To 
generate an active force in the opposite direction, a second actuator needs to be placed on the opposite side. 
Figure 5 illustrates a simplified a stage [4] having electromagnetic actuators E-core 1 and E-core 2. The gaps 
between the E-core 1, 2 and stage are 1gx  and 2gx , which can be measured by suitable sensors such as cap- 
acitor sensor. The force 1F  and 2F  are nonnegative, while the difference between 1F  and 2F  can take any 
value and direction. In the initial state, the gaps are 1 0g gx x=  and 2 0g gx x= , where 0gx  is the initial gap. In 
Figure 5, we define the right as the positive direction. Furthermore, when the stage moves to the positive 
direction, the gaps become 1 0g gx x x= −  and 2 0g gx x x= +  respectively where x  is the global placement 
and can be measured by position sensor such as a laser interferometer [4]. A control loop for one degree of 
freedom stage having paired E/I core actuator using adaptive MNN is shown in Figure 6. Since two reluctance 
actuators are used, we need two adaptive MNN controllers to compute the desired current for each of them. 

In Figure 6, the controller C uses the position error between the set-point and the measured position to 
determine the desired force dF  which should be exerted to reach desired stage position. The force distributor 
distributes the desired force to each E/I actuator as follows:  

1 0 2d dF F F= +                                      (12) 

2 0 2d dF F F= +                                      (13) 
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Figure 5. Paired E/I core actuator.                  

 

 
Figure 6. Nonlinear control structure for stage having paired E/I core actuator using adaptive MNN.         

 
where 0F  is the bias force generated by paired E/I actuator respectively in the opposite direction, which 
provides a zero net force on the stage, thus maintaining the position of the stage. In this paper, 0F  is de- 
termined as 0 max 2F F= , in which maxF  is the maximum force corresponding the maximum acceleration. 
More details about how to select the bias force 0F  can be found in patent [6]. The feedback force 1F  and 2F  
are defined as follows:  

1 0 2
maF F= +                                      (14) 

2 0 2
maF F= −                                      (15) 

Following Equation (8), the force tracking errors are defined as follows:  

( ) ( ) ( )1 1 11 dk F k F kε + = −                                (16) 

( ) ( ) ( )2 2 21 dk F k F kε + = −                               (17) 

The currents 1i  and 2i  with adaptive MNN controller are computed from Equation (6) and the corres- 
ponding network weights Equation (9) and Equation (10), which are updated by the force tracking errors Equa- 
tion (16) and Equation (17). Then the desired currents 1di  and 2di  are obtained as follows:  

1 1 0di i i= +                                       (18) 

2 2 0di i i= +                                       (19) 
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where current 0i  corresponds to the bias force 0F  and can be determined experimentally.  
The real net force F̂  acting on the stage is the difference between the real forces 1̂F  and 2̂F :  

1 2
ˆ ˆ ˆF F F= −                                      (20) 

6. Simulations 
Example 1: A simulation for the current-driven reluctance linear actuator is conducted to verify the performance 
of the proposed adaptive MNN control configuration shown in Figure 4. For comparison the nonlinear com- 
pensator Equation (6) is selected. 

In this simulation, since the linear power amplifier has a high bandwidth and rapid response, it is ignored. A 
force command dF  is imposed without a counter balance force, the I-target would be pulled to the E-core. For 
this reason, it is assumed that the I-target is fixed, so that we may investigate the force tracing performance. The 
reluctance linear actuator with hysteresis is modeled by Equation (5), which parameters are chosen as in the 
patent [15] the maximum force is about 200 N , the maximum gap gx  between the E-core and I-target is 
0.4 mm  and the constant 67.73 10k −= × . Here, the hysteresis operator parameters are chosen as 1 0.02 λ =  
and 2 10λ = . 

The control objectives is to make the system output F  to follow the reference force dF . The adaptive MNN 
controller Equation (7) is designed to reduce the influence of the nonlinearity including the hysteresis. Pa- 
rameters of the adaptive MNN are determined as follows: the hidden-layer neurons are 40l = , the initialization 
neural network weighting matrices are ( )0 0=W  and ( )0 0=V . Equation (9) and Equation 10 are used to 
update the neural network weights, and the learning rate are selected as 0.00085wγ =  and 0.01vγ = . 

The force tracking error between the input dF  and output F  with nonlinear controller Equation (6) is 
shown in Figure 7. When dη η= , the force tracking error is about 4 N± ; when 0.95dη η= , force tracking 
error is about from 12.5 N−  to 0.5 N ; when 1.05dη η= , force tracking error is about from 0.5 N−  to 
11 N . It can be seen that the force error increases with the error of dη  increases quickly. The force tracking 
error with adaptive MNN controller Equation (6) is shown in Figure 8. The force tracking error is about 

0.25 N±  even if the E/I model parameter η  varies up 20%± . The reason is that the current command di  is 
determined independent of the force model Equation (4). Furthermore, Figure 9 shows that the ratio between 
the output force and its command is very close to 1 with adaptive controller. For comparison the nonlinear com- 
pensator Equation (6) with parameter dη η=  is selected. From the simulation results, it can be seen that the 
force with adaptive MNN control has a better tracking performance and robustness against parameter un- 
certainty than with nonlinear controller. This paper also provides a technical solution in other precision ma- 
chine tools and related equipment with hysteresis. 

Example 2: In order to verify whether the proposed hysteresis compensation using adaptive MNN controller 
Equation (7) can be applied in high-precision systems, we do the following simulation on the one degree of 
freedom stage as shown in Figure 10. For comparison the nonlinear compensator Equation (6) is used. 

 

 
Figure 7. Force error with nonlinear compensator.            
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Figure 8. Force error with adaptive MNN controller.          

 

 
Figure 9. Comparison of the force hysteresis loop between 
nonlinear compensator and adaptive controller.              

 

 
Figure 10. Force command.                              

 
The stage mass is 10 kg  and the bias force is 0 15 NF = , which is applied on both EI actuators. The gaps 
1gx  and 2gx  between the E-core 1, 2 and the stage are in the range of 0 μm  to 400 μm  and the initial gap 

is 0 400 μmgx = . The E-core electromagnetic constant and parameters of hysteresis operator are set as in 
Example 1. The adaptive MNN parameters for the two E/I actuators are the same as in Example 1. The control 
objective is to make the stage position x  follow the reference position. The reference trajectory is determined 
by the 3rd order trajectory planning method [18]. The position and velocity are shown in Figure 11. The largest 
displacement is 350 μm  and the maximum velocity is 10 mm/s . The maximum acceleration is 21 m/s  and 
the jerk is 3200 m/s . 

The position tracking errors of control with nonlinear compensator Equation 6 and with adaptive MNN 
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controller Equation (7) are shown in Figure 12. We define the constant velocity settling time and the stop time 
as the time instants after which the position tracking error is less than 1 μm . From the constant velocity segment, it 
can be seen that the constant velocity settling time with nonlinear compensator ( )0.0198 s  is about 1.22 times longer 
than of adaptive MNN controller ( )0.0162 s . From the stop segment, the stop time with nonlinear compensator 
( )0.055 s  is about 1.1 times longer than that of adaptive MNN controller ( )0.05 s . The outputs of adaptive MNN 
controllers are shown in Figure 13 and the corresponding output force of the E/I core actuator 1, E/I core actuator 2. 

7. Conclusion 
This paper has proposed a new direct adaptive MNN controller for the reluctance linear actuator with hysteresis. 
The direct adaptive MNN controller gets the desired current based on the desired force and actual force using an 
adaptive MNN, whose weights are updated using the projection function. Then the adaptive MNN controller is 
applied to a stage having paired E/I core actuator. Due to the simplicity of the nonlinear control configuration, it 
has a wider range of applications. The simulation results show that the proposed method is effective in over- 
coming the hysteresis parameter uncertainty and promising in high-precision control applications. 

 

 
Figure 11. Reference position and velocity.                          

 

 
Figure 12. Comparison of the position tracking error between with non- 
linear compensator and with adaptive MNN controller.                    
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Figure 13. Outputs of the adaptive controllers.                     
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