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Abstract  

 

A predictive functional control (PFC) scheme for permanent magnet synchronous motor (PMSM) servo systems is proposed in 
this paper. The PFC-based method is first introduced in the control design of speed loop. Since the accuracy of the PFC model is 
influenced by external disturbances and speed detection quantization errors of the low distinguishability optical encoder in servo 
systems, it is noted that the standard PFC method does not achieve satisfactory results in the presence of strong disturbances. 
This paper adopted the Kalman filter to observe the load torque, the rotor position and the rotor angular velocity under the 
condition of a limited precision encoder. The observations are then fed back into PFC model to rebuild it when considering the 
influence of perturbation. Therefore, an improved PFC method, called the PFC+Kalman filter method, is presented, and a high 
performance PMSM servo system was achieved. The validity of the proposed controller was tested via experiments. Excellent 
results were obtained with respect to the speed trajectory tracking, stability, and disturbance rejection. 
 
Key words: Predictive functional control, Kalman filter, Disturbance observer, Torque compensation, Permanent magnet 
synchronous motor  
 

I. INTRODUCTION 

During the past two decades, permanent magnet 
synchronous motors (PMSMs) have been generally replacing 
DC motors and induction motors in a great many industrial 
applications, such as electric vehicles, numerically controlled 
machine tools and robotics. It is able to offer numerous 
advantages over the two previously mentioned motors, 
including a simple structure, high efficiency, high power 
density and high torque-to-current ratio. Despite its 
advantages, it is still challenging to control a PMSM to 
achieve good transient performance under all operating 
conditions. This is due to the fact that PMSMs are 
multivariable, nonlinear and strong-coupled systems that are 
extremely sensitive to parameters and disturbances.  

The traditional proportional integral (PI) control is usually 
used to adjust the static and dynamic performance of a system 
as a classical linear control scheme. However, the servo 

system of a PMSM makes it difficult to achieve a good 
control effect with the PI control scheme due to the presence 
of nonlinearity and uncertainty [1]. Scholars have put forward 
many advanced control methods to optimize the servo 
systems of PMSMs in recent years, e.g., model reference 
adaptive control [2], feedback linearization [3], fuzzy control 
[4], H∞ control [5], sliding mode control [6], disturbance 
observer-based (DOB) control [7], [8], and neural network 
control [9], [10]. These approaches have been successfully 
applied to PMSM servo systems, and can improve different 
aspects of the control performance of a motor.  

Predictive control is a computer control algorithm. It has 
an excellent control effect and is suitable for industrial 
production processes which are relatively complex and where 
it is difficult to establish an accurate digital model, because it 
uses a multi-step test, receding optimization and feedback 
correction strategy [11]. Model predictive control (MPC) is 
the most widely used method of predictive control. The core 
of the MPC is to replace a 'closed loop optimal control' with 
an 'open-loop optimal control' in a time-varying region. There 
are many research reports on the application of the MPC 
method to PMSM servo systems. The controllers developed 
in [3], [12] give good performance. However, the MPC 
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control requires too many calculations, which makes this 
method difficult to apply to fast dynamic systems [13].  

A simplified MPC method, i.e., the predictive functional 
control (PFC) method, is employed as the adopted control 
scheme in this study. This method was presented by Richalet 
et al. in 1993 [14]. PFC which enhances the advantages of 
this method, such as feed-forwarding, constraints handling, 
no-lag error on the dynamic set points, is an easy trade-off 
between robustness and dynamic specifications. It not only 
retains the advantages of on-line optimization and constraint 
processing of the MPC, but also has a lower online 
computational burden, which can achieve a simpler and more 
intuitive design criteria combined with a higher control 
precision [15]. 

In practical industrial applications, disturbances always 
exist. Standard PFC methods cannot reject them well. 
Because PFC assumes that all un-modeled signals remain the 
same with prediction current errors, which makes it hard to 
counteract steady-state errors when encountering interference 
or an inaccurate model, especially in the presence of strong 
interference conditions, which may cause deterioration of the 
performance of the closed-loop control, it is difficult for the 
prediction model to precisely predict future outputs [16]. As a 
result, the future control action obtained by optimizing a 
certain performance index cannot react well to resist 
disturbances. In [16], the scholars presented a combination 
control strategy made up of a PFC method with an extended 
state observer (ESO). This strategy can reduce prediction 
errors and improve the performance of the PFC. The above 
studies focused on external disturbance influences on a 
system. However, the quantization error of the speed 
feedback also influences the performance of PFC system.  

The Kalman filter (KF) which is based on minimum 
variance, has been widely used in drive control areas as an 
estimator, because of its excellent performance under noisy 
conditions and its wide speed control range [17]. In [18], the 
control is achieved through nonlinear quadratic optimal 
control, and an extended Kalman filter is used for parametric 
estimation. In [19], it can be used for the estimation of the 
joint state and parameters as well as unknown disturbances in 
noisy environments. In [20], a Kalman filter is used to 
observe external disturbances. In [21], taking a Kalman filter 
as an observer, excellent results verified the performances of 
the observer. Based on this, an improved PFC method, called 
the PFC+Kalman filter method, is proposed in this paper. A 
Kalman filter is constructed to obtain information on the rotor 
position, speed and load torque. Then the PFC controller is 
compensated with the observed values, and the PFC model is 
reconstructed. Finally, the improved PFC method in this 
paper was verified by an experiment. The results verify its 
effectiveness in terms of speed detection and disturbance 
rejection. 

This paper is organized as follows. In section II, the  

 
Fig. 1. Block diagram of the simplified PMSM control system. 
 

PMSM model is presented. Section III presents the design 
details of a speed controller using the PFC method. The 
studied PFC Kalman filter is developed in Section IV for the 
speed loop. Section V gives implementation and experimental 
results of the predictive control scheme for the PMSM servo 
system. Section VI concludes the paper. 

 

II. MATHEMATICAL MODEL OF A PMSM 
 

The mathematical model of a surface mounted PMSM in 
the rotor reference frame can be expressed in the bilinear 
form as [11]: 
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Where, du  and qu  are the d-axis and q-axis components 

of the armature voltage, di  and qi  are the d-axis and q-axis 

components of the armature current, sR is the stator 

resistance, aL is the stator inductance, dL  and qL are the 

inductances of the d-q axes satisfying d q aL L L  , pn is 

the number of pole pairs, f is the rotor of the permanent 

magnet flux linkage,   is the rotor angular velocity, LT  is 

the motor load torque, J is the moment of inertia, and B  is 

the coefficient of the friction. 
The field oriented control (FOC) strategy is employed for 

PMSM. Under this scheme, the automatic speed regulator 
(ASR) and the automatic current regulator (ACR) are 
cascaded, and the d-axis reference current is usually set to be 
zero. Then, the electromagnetic torque is given as: 

 1.5e p f q t qT n i K i             (2) 

The implementation of the predictive functional control 
strategy depends on an appropriate model. The dynamic 
model of the motor is a nonlinear and strong coupling system, 
because the current band width is far greater than the speed 
loop bandwidth. If the PI parameter is tuning properly, the 
sampling of the current can be equal to the reference current,

q qi i . Then, the current loop transfer function is reduced to

( ) 1iG s  . The simplified block diagram of a PMSM is shown 

in Fig. 1. 
According to the Laplace transform, the mechanical 

equation of a dynamic model for a motor is: 
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III. PFC CONTROLLER DESIGN FOR A PMSM  

In practical applications, PFC restructures the control 
inputs by considering each moment of the control inputs as a 
linear combination of several pre-selected basic functions, 
and then obtaining a linear weighting coefficient through the 
online optimization, and finally getting the control input of 
the future [12]. In this paper, the PFC design process is as 
follows: 

A. Base Functions 

The controlled variable can be expressed as a linear 
combination of several known base functions in the PFC 
control strategy. It is related to the plant characteristic and the 
tracking set value. 

 
1

( ) ( )
N

j j
j

u k i f i


          (4) 

Where, ( )u k i  is the system output at time ( )k i . The 

choice of base functions depends on the characteristics of the 
controlled plant and the set values, such as a step, ramp and 
exponential function. The desirable output control variable of 

the PFC is the reference current qi
 [16]. 

Therefore: 

 
1

( ) ( )
N

q j j
j

i k i f i


        (5) 

Where, ( )jf i  is the value of the base functions at time 

st iT , sT is the sampling period, i=1,2,⋯h, h is the 

predictive optimal length, and j is the linear combination 

coefficient. Because the choice of basic functions does not 
directly affect the stability or the dynamic state of a 
closed-loop system, this system chooses a step function as the 
base functions, Set 1N  , 1(i) 1f  . 

Therefore: 

             1( )qi k                      (6) 

B. Prediction Model 

A prediction model is used to predict the output of a 
process in a future period of time according to historical 
information and the current input of objects studied. By 
considering the load (s)LT , equation (3) can be written in the 

form of difference equation after zero-order holder discrete 
sampling: 

ˆ( 1) ( ) ( ) ( ) /m m m m q m L tk k K i k K T k K          (7) 

Where, T B J
m

se  and (1 ) /m m tK K B  are both the 

coefficients of a prediction model equation. ( 1)m k   is the 

speed prediction value at time ( 1)k  . In the next sampling 

time ( 2)k  : 
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According to the mean-level control method, assuming that 
the values of the control variables are a constant in the future, 

( ) ( 1) ( 1)q q qi k i k = i k h         . Substituting (7) into (8) 

yields: 
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Followed by the superposition, the output of the prediction 
model can be obtained as: 
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Equation (10) can be written in a matrix form as:  

1
ˆ( ) ( )[ ( ) ( ) / ]m o b L tW k W k W k k T k K  （ ）     (11) 

Where:    ( 1) [ ( 1) ( )]Tm h m mW k k k h       （ ）       

      ( 1) [ ] ( )h T
o h m m mW k k      （ ）    

1
( 1) m m[ (1 )]h T

b h mW k K K  
         （ ）  

C. Error Correction 

Considering model adaptation, parameter detuning and 
interference, the actual output and the predicted output 
usually contain some errors. System error during the 
prediction time domain can be considered to be the same as 
the error at this time.  

    ( ) ( 1) ( ) ( ) ( )me k i e k e k k k              (12) 

Where, ( )k  is the practical system output measured at 

time k . 

D. Reference Trajectory 

For a stable system, a first-order exponential form is 
usually used. Accordingly, the reference trajectory equation 
is as follows:  

      ( ) ( ) [ ( ) ( )]i
r rk i k i k k               (13) 

Where,   is the given speed, r  is the reference 

trajectory of the speed which is the expected following value 

of the actual system after the softening treatment according to 

the expected trajectory. The softness factor ( / )T Ti
r

s re  . 

Where, rT is the expected system response time. 

E. Receding Optimization 

Receding optimization is through the optimization of a 
performance index to determine a control action of the future. 
Performance indicators are generally taken as the minimum 
variance between the object output at a certain time in the 
future and the desired trajectory at this moment. The 
quadratic performance index set of the cost function for the 
PMSM speed control is expressed as: 

2 2 2
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The equation can be written in another form of norm:  
2 *2|| ( ) ( ) ( ) || ( )r m q r qW k W k E k Q R i k       (15) 

Where:     ( 1) [ ( 1) ( )]Tr h r rW k k k h       （ ）  

( 1) [ ( 1) ( )]ThE k e k e k h      （ ）  

2 2
( ) 1[ , , ]q h h hQ k diag q q    （ ） is the weighted coefficient of the 

controlled variables, and 2
(1 1) [ ]rR r   is weighted 

coefficient of the input. Since the mechanical model of the 
motor is a linear characteristic, it can determine the minimum 
value of the cost function   and the real-time update 

coefficient matrix at each sampling time. Let / 0qi
   , 

and the controlled variable of qi
  can be obtained.  
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Substituting the matrix data into (14) can be described as:  
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According to the predictive function control algorithm, 
when combined with the vector control strategy of the PMSM 
servo system, the AC servo system with the PFC-PI cascade 
control is designed, using the PFC controller to replace the 
traditional automatic speed regulator. The block diagram of 
the simplified PMSM control system is shown in Fig. 2.  

 

IV. PFC DESIGN USING A KALMAN FILTER 

The PFC controller lacks an external disturbance 
compensation term in the process of modeling, resulting in a 
degradation of the control performance in the dynamic 
processes of addition and subtraction of loads [12]. Servo 
systems usually adopt a photoelectric encoder to feedback the 
rotor position of the motor. Due to limited precision, speed 
direct differential acquisition is influenced by quantization 
errors and sampling noise.  

With a low pass filter added after the speed measurement, 
a certain phase delay will be brought to affect the system’s 
dynamic response. A Kalman filter has a better effect in 
terms of eliminating the system noise and measurement noise, 
at the same time it can estimate the related state and some of 
the parameters [18]. Therefore, the Kalman filter is designed 

to observe the load torque L̂T  and the rotor angular velocity

̂ . It then feeds them to the PFC controller. This can 

reconstruct the predictive function model and implement  

 
Fig. 2. Block diagram of the simplified PMSM control system 
using PFC method. 
 

 
 

Fig. 3. Block diagram of the PMSM servo system with PFC and 
Kalman filter. 

 
improvement over the original PFC controller, which 
improves the robustness against disturbances. The block 
diagram of the PMSM servo system with PFC and a Kalman 
filter is shown in Fig. 3.  

According to the mechanical equation of the PMSM, the 
disturbance torque is extended to a state variable. The load 
torque cannot be derived from the formula. However, the 
changing rate of the load torque controller is much lower than 
sampling frequency, so it can be hypothesized that

0LdT dt  . Here, the basic form of state equation can be 

constructed as follows: 

 
dx dt Ax Cu
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In addition, the state variable x is the estimated value, the 
input variables u is the electromagnetic torque, and the output 
variable y is the rotor mechanical angular. In actual motor 
drive systems, it does need to use a discrete form in the 
digital system state equation. Meanwhile, there are all kinds 
of noise introduced by the existence of mathematical model 
parameter uncertainty and variability, and the quantization 
errors generated by the discretization and measurement errors. 
Bringing these uncertain factors into the system as a noise 
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vector w and a measurement noise vector v, can obtain the 
discretization form by formula (18) [20], as follows: 

 1k k k k k k

k k k k

x A x C u w

y D x v
   

  
       (19) 

Where, kx , ky  and ku  are the corresponding discrete 

forms of the state vector, output vector and input vector; kw

is the system noise; kv  is the measurement noise; and kA ,

kB  and kC  are the discretization form of the system matrix, 

input matrix and output matrix. By the first-order 
approximate power series expansion, it is given by: 

1 0
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Where, KFT is the sampling period of the Kalman filter. After 

discretization, the state vector and input variables can be 
represented as: 

 ˆ ˆˆˆ [ ] ,
k k

T
k k k L k ex T u T        (23) 

In order to estimate the disturbance item kw of the discrete 

system, equation (19) can be rewritten as: 
 1 ˆk k k k k kx A x C u w              (24) 

Where, ˆkw  is the estimation of the disturbance term, and   

is disturbance coefficient matrix. The disturbance of the 
system can be reflected by the deviation between the true and 
estimated values.  

In order to carry on the estimation, the disturbance 
observer of discrete can be constructed as: 

1 1

ˆ ( ) ( , 1)

( , 1) ( )

k eq

eq k k k k k

w z w x k
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Where, ( , 1)eqw x k  is the disturbance term associated with 

the discrete model, 1(C )T T
k k kC C   is left inverse matrix 

of the disturbance coefficient matrix, 1( ) ( )z H zI F G   is 

a low pass filter to remove the high frequency harmonics of 
equation (19); F, G and H are the constant coefficient matrix. 
The Kalman filtering algorithm can be divided into a 
prediction section and a correction section, as shown in Table 
I. 

Where, 1ˆkw   is the observation value of the disturbance 

observer, | 1ˆk kx  is the state prediction, kP is the 

estimation error covariance matrix,
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        , | 1k kP   is 

the priori error covariance matrix, |k kP  is the posteriori 

error covariance matrix, kK  is the Kalman gain matrix, 

and I is the unit matrix. Combining the Kalman filtering  

TABLE I 
KALMAN FILTER ALGORITHM 

Section Algorithm 

Predict 

section 

| 1 1 1| 1 1 1 1 1ˆ ˆ ˆk k k k k k k k kx A x C u w
          

| 1 1 1| 1 1
T

k k k k k kP A P A Q       

Verify 
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1
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| | 1 | 1ˆ ˆ ˆ( )k k k k k k k k kx x K y D x     

| | 1( )k k k k k kP I K D P    

 

 
Fig. 4. Block diagram of the simplified PMSM control  system 
using PFC method and Kalman filter. 
 
algorithm and disturbance observer (25), the update recursive 
formula of the disturbance torque estimation is obtained as 
follows: 

1 1 | 1 1| 1 1 1ˆ ˆ ˆ( )k k k k k k k k k kw Fw G x A x C u
            (26) 

The actual recursive calculation does not directly use the 
system noise vector w and measurement noise vector v. 
However, it uses the covariance matrix Q and R: 

 ( ) ( )T
k k kQ Cov w E w w        (27) 

( ) ( )T
k k kR Cov v E v v            (28) 

The response errors in actual use do not influence each other. 
Therefore, let Q and R be as diagonal matrix so that

[ ]
LTQ diag Q Q Q   and [ ]R R . Where, Q 	 is the 

covariance of the angular velocity, Q is the covariance of 

the angular displacement, 
LTQ is the covariance of the 

equivalent load, and R 	 is the covariance of the 

measurement error of the angular displacement. The value of 
the element in the system error covariance matrix Q depends 
on uncertainty, variability of the system model parameters 
and the quantization error of the continuity equation 
discretization. The value of the elements in the measurement 
error covariance matrix R depends on the quantization error 
of the A/D conversion, encoder accuracy and simulation of 
the noise intensity in the current sampling process. The state 
variable estimation error covariance matrix P has a small 
effect on the system steady state and dynamic process, and it 
has a certain influence on speed fluctuations when its value 
changes. 

Under the condition of limited encoder accuracy, a Kalman 
filter is used to accurately observe the load torque, rotor  

̂ ̂

L̂T

*
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Fig. 5. Experimental test platform. 

position and speed information, and the observation 
information is used for the PFC controller. It is used to 
construct a block diagram of a simplified PMSM servo 
system using the PFC method and a Kalman filter, as shown 
in Fig. 4.  
 

V. EXPERIMENTAL RESULTS AND ANALYSIS 

To evaluate the system performance of the proposed 
improved PFC method with a Kalman filter for PMSMs, an 
experiment platform of a servo driving system has been built. 
It takes Infineon’s XMC4500 chip based on the ARM® 

Cortex as the core, with a CPU frequency of 120 MHz. The 
control algorithms use SVPWM. As shown in Fig. 5, it 
mainly includes two parts, the measured servo system and the 
load system. The motor parameters of the measured servo 
system are shown in Table II. The servo system is driven by a 
three-phase pulse width modulation (PWM) inverter with an 
intelligent power module with a switching frequency of 10 
kHz. The phase currents are measured by Hall-effect devices. 
The rotor position detection component uses an incremental 
photoelectric encoder of 2500 lines. The load motor and its 
controller choose Servo One industrial servo products of 
LUST, where the rated power of the motor is 3kW. The rotor 
position sensor uses a 24-bit multi ring absolute encoder from 
HEIDENHAIN.  

The experimental results and analysis for the PI controller, 
PFC controller and PFC controller + Kalman filter (KF) are 
illustrated in Figs. 6–15 and TABLE III for five different 
scenarios: the tracking performance evaluation of the Kalman 
filter, observe torque performance evaluation, performance 
testing under electrical parameter uncertainties, trajectory 
tracking performance evaluation under several speeds, and 
performance testing during an abrupt change of the load 
torque. These are referred to as A, B, C, D and E in the 
following subsections. 

A. Tracking Performance Evaluation of the Kalman Filter 

To ensure accurate operation of the filter, it is necessary to 
determine the initial values of the covariance matrix Q, R and 
P. The selecting principle guarantees the steady state tracking 
and ensures that the filter does not suffer from divergence. 
The most commonly used method is trial and error method.  

TABLE II 
PARAMETERS OF THE PMSM 

Parameters Value 
Rated power (W) 400 
Rated current (A) 1.9 
Rated speed (rpm) 3000 

Stator resistance (Ω) 5.8 
Rated torque (N·m) 1.27 

D-axis and Q-axis inductances (H) 0.0379 
Number of pole pairs 4 

Rotor flux (Wb) 0.3675 
Moment of inertia (kg·m2) 0.032×10-3

Coefficient of friction (N·m·s /rad) 0.128×10-3

 

 
Fig. 6. Experimental response curves of the speed trajectory 
tracking for both M/T and Kalman filter (KF) method. 

 
Multiple simulations and experiments are used to select the 
optimal performance of the initial values. The Kalman filter 
sampling time is 0.1 ms. The initial values are Q =diag[1, 
0.06, 100], P = diag[0.1, 0.1, 0.1], and R=[0.5]. 

Fig. 6 shows a comparison of the experimental results 
between the observation speed with a Kalman filter (KF) and 
the M/T method to measure the speed. Given a speed change 

from 50rpm→500rpm→50rpm, the total sampling time is 

75ms, the single computing time set to be 1ms and all of the 
sampling points are 4096. The M/T method and KF method 
can both detected the current speed well with a stable speed. 
However, when the speed changes, the M/T method has large 
delay and quantization fluctuations. Therefore, it cannot 
follow the speed change accurately. Meanwhile the 
observation results of the Kalman filter are stationary and 
almost without delay. Therefore, the observed speed can be 
used for the PFC control strategy. 

B. Observe Torque Performance Evaluation of the 
Kalman Filter  

In order to verify the performance of the Kalman filter to 
observe torque, an experimental comparison with the 
traditional DOB is carried out, as shown in Fig. 7. The 
observer gain is set to g=300 and the detection period is set to 
0.5 s. A load of 0.5N·m was suddenly added at a speed of 
300rpm. From Fig. 7(a), it can be seen that the observation 
results of the traditional disturbance observer-based (DOB) 
converged to a stable value within 0.3s and have a certain  
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(a) 

 

 
(b) 

 

Fig. 7. Experimental response curves of the torque observer (a) DOB. (b) Kalman filter. 
 

 
(a) 

 
 

  
(c) 

 

 
(b) 

 

  
(d) 

 

Fig. 8. Experimental response curves under uncertainty in the electrical parameters. (a) speed (PI). (b) speed (PFC+ KF). (c) iu (PI). (d) iu 
(PFC+KF).  
 
overshoot. Fig. 7(b) shows the observed load torque with the 
Kalman filter. In a sudden load change, the Kalman observer 
can converge to a stable value within 0.15s and it has a small 
overshoot, which is better than the traditional DOB.  

C. Uncertainty in the Electrical Parameters 

To verify the robustness of a PMSM servo system using 
the proposed PFC + Kalman filter control scheme, the 
armature resistance, stator inductance and rotor-flux linkage, 
were set incorrectly in the controller. In comparison with the 
real values, the value of these three electrical parameters were 
respectively increased by 35%, decreased by 35% and 
decreased by 25%. As shown in Fig. 8(a), the motor speed 
has developed a big overshoot under the PI controller, and in 
Fig. 8(b) the motor speed can be seen to converge to 300rpm 
under the presented control scheme. Fig. 8(c) and Fig. 8(d) 
show the phase current waveforms. Comparing the variation 

of the two curves, it can be seen that the latter has less 
sensitivity to the mismatched mechanical parameters than the 
former.  

D. Speed Trajectory Tracking Performance Evaluation  

The speed trajectory tracking performance is investigated 
under three control methods. Figs. 9-12 shows the speed 
response waveforms under several given values, they are 3 
rpm, 300 rpm, 1500 rpm and 3000 rpm. Then the no-load 
speed response was detected respectively in the PI controller, 
PFC controller, and PFC controller + Kalman filter. The 
parameters for the PI speed controller are: 8.5pK  , 1iK  ; 

for the PI regulators of both current loops they are: 39pK  ,

2400iK  ; for the PFC controller they are: 0.9548m  ，

0.0183r  , 1550mK  ; for the PFC control sampling period

0.5sT  ms; and for the reference trajectory expected  
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(a) 

 
(b) 

 
(c) 

Fig. 9. Experimental response curves in case of 3 rpm speed 
trajectory tracking. (a) PI controller. (b) PFC controller. (c) PFC 
controller +Kalman filter (KF). 
 

 
(a) 

 
(b) 

 

 
(c) 

Fig. 10. Experimental response curves in case of 300 rpm speed 
trajectory tracking. (a) PI controller. (b) PFC controller. (c) PFC 
controller +Kalman filter (KF). 
 
 

 
(a) 

 
(b) 

 
(c) 

Fig. 11. Experimental response curves in case of 1500 rpm speed 
trajectory tracking. (a) PI controller. (b) PFC controller. (c) PFC 
controller +Kalman filter (KF). 

 
closed-loop time 0.05rT  ms. 

The performance indexes of the three control methods 
under different conditions are shown in TABLE III, where, 
OS is the overshoot, pt is the peak time, st is the setting 

time, the tolerance band of st  is selected as ±2%, and fnK
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(a) 

 
(b) 

 
(c) 

Fig. 12. Experimental response curves in case of 3000 rpm speed 
trajectory tracking. (a) PI controller. (b) PFC controller. (c) PFC 
controller + Kalman filter (KF). 
 

 
(a) 

 
(b) 

  
(c) 

  
(d) 

Fig. 13. Experimental response curves in case of 300 rpm speed 
trajectory tracking under a sudden load torque disturbance. (a) 
speed (PFC). (b) speed (PFC+ KF). (c) iu (PFC). (d) iu (PFC+KF). 
 

TABLE III 
COMPARISON OF PERFORMANCE INDICES 

Reference
Speed 

Indices
Control Scheme 

PI PFC PFC+KF

3(rpm) 
OS(%) 100 100 33.3 
tp(ms) 7.6 7.4 11.5 
Kfn(%) 71.4 50.0 33.3 

300(rpm)
OS(%) 7.5 3.3 1.8 
ts(ms) 276 223 201 
Kfn(%) 3.6 2.7 1.7 

1500(rpm)
OS(%) 3.7 1.8 0.9 
ts(ms) 361 297 272 
Kfn(%) 0.53 0.49 0.41 

3000(rpm)

OS(%) 3.2 1.7 0.8 

ts(ms) 446 401 335 

Kfn(%) 0.83 1.56 0.38 

 
is the steady speed ripple coefficient, 

100%max min
fn

max min

n n
K

n n


 


.  

Compared with other two controllers, the experimental 
results show that the proposed control system has better 
performance in both the dynamic and steady states. It shows 
the smallest overshoot, the shortest settling time and the least 
steady speed ripple. 

E. Performance Evaluation under an Abrupt Change of the 
Load Torque 

This test was performed to verify the performance of the 
proposed control strategy in terms of its disturbance rejection 
capability. Figs. 13-15 show the speed and phase current  
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(a) 

 
(c) 

 
(b) 

   
(d) 

Fig. 14. Experimental response curves in case of 1500 rpm speed trajectory tracking under a sudden load torque disturbance. (a) speed 
(PFC). (b) speed (PFC+ KF). (c) iu (PFC). (d) iu (PFC+KF).  
 

 
(a) 

 
(b) 

 
(c) 

 

 
(d) 

Fig. 15. Experimental response curves in case of 3000 rpm speed trajectory tracking under a sudden load torque disturbance. (a) speed 
(PFC). (b) speed (PFC+ KF). (c) iu (PFC). (d) iu (PFC+KF). 
 
response waveforms under three given values, they are 
300rpm, 1500rpm and 3000rpm. The results are shown in 
Figs. 13-15 when adding an abrupt pulse shape 0.5N·m load. 
Compared with the PFC method, the proposed PFC + Kalman 

filter method has a less of a speed decrease and a shorter 
recovery time while maintaining a good dynamic 
performance. In addition, the steady-state error is quickly 

removed, while the phase current has a faster response and a 
smaller current fluctuation. 
 

VI. CONCLUSION 

The quantization error of low resolution encoders, 
sampling noise and external torque disturbances affect the 



A High Performance Permanent Magnet …                               1557 

 

precision of PFC prediction models in servo systems. This in 
turn degrades the whole system dynamic performance. This 
paper presents an improved PFC control strategy with a 
Kalman filter, using the speed information and load torque 
observed by the Kalman filter to reconstruct the PFC model. 
This method can raise the model accuracy and it improves 
standard PFC systems. The experimental results show that the 
proposed control strategy can effectively suppress the 
quantization error of velocity measurements and sampling 
noise influence. It can also enhance the system dynamic 
control performance and disturbance rejection. 
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