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This paper presents a new position sensorless scheme in which a smoothing filter algorithm is proposed to improve the results
obtained through Extended Kalman Filter (EKF) algorithm in tracking the rotor position for sensorless control of brushless DC
motors. The rotor position and speed are estimated from the input voltage and current using the Extended Kalman Filter. States
obtained through filtering in each sampling instant are refined, using the new smoothing algorithm, giving much better results. In
the proposed method, the estimated state in previous instant is enhanced using the present measurement sample by the smoothing
algorithm which is then used to improve the present estimated state variables. The complete system is modelled and simulated in
MATLAB to verify the merit of the proposed smoothing algorithm. A comparison with conventional EKF is done for various load
torque and speed conditions to establish the performance of the new sensorless algorithm. Simulation results show that the proposed
smoothing technique offers better estimation accuracy. The peak error in the estimated speed and rotor position is considerably
reduced when compared with EKF.The improved state estimate can be used as feedback for speed control of brushless DC motors
in variable speed drives.

1. Introduction

Rapidly varying energy price always demands for variable
speed motor drive which is highly efficient for energy saving
[1]. Permanent magnet (PM) motor drives are better choice
than induction motor drives in variable speed application for
energy saving. Brushless DC (BLDC)motor finds application
in every segment of life such as consumer appliances, auto-
motive vehicles, avionics, industrial control and automation,
and servo applications. BLDC motors gained popularity due
to their superior characteristics and performance such as
faster dynamic response, high torque-to-weight ratio, high-
er efficiency, higher speed ranges, silentoperation, and longev-
ity compared to their counterparts [2]. BLDC motors signi-
ficantly reduce energy consumption and help reduce CO2
emissions.

Stable operation and control of BLDCmotor (with trape-
zoidal back EMF profile) necessitate the current commuta-
tion in windings to be synchronized with instantaneous rotor
position. Position information is made available through

auxiliary devices such as Hall device or an encoder which
is mounted on the machine. However, these devices could
increase the complexity and cost of the motor drive due
to extra mounting arrangement and hence the reliability.
Further, for some applications, these sensors cannot function
properly and sensorless control is the single choice. Sensorless
methods eliminate the need of three hall sensors but require
the extraction of the proper current commutation instances
from the machine voltage and current signals. Many position
sensorless schemes have been reported in literature for
trapezoidal back EMF type of PM motors.

The back EMF voltage sensing, back EMF integration,
flux estimation, detection of the freewheeling diodes conduc-
tion, and observer based scheme are few among the sensorless
techniques. Back EMF estimation methods are based on zero
crossing detection of back EMF wave. Estimating back EMF
from sensing terminal voltage with respect to virtual neutral
is used in [3].The delay introduced in sensed signal due to the
low pass filters is eliminated in themethod in [4]. Inmethods
based on back EMF estimation, position can be detected only
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after the machine has been accelerated to a certain speed.
Therefore some open loop start-up has to be employed. Zero
crossing of back EMF is estimated indirectly from line voltage
difference as presented in [5, 6]. The position information
for phase commutation is obtained by integrating back EMF
wave of unexcited phase in [7, 8]. This approach is less sensi-
tive to noise but has inferior performance during low speed
due to integration error. A method of sensing zero crossing
of back EMF wave by detecting the current through the
freewheeling diode in unexcited phase is presented in [9].
This method works in all speed ranges but needs more
circuitry for current detection. Commutation instants are
determined from the third harmonic of back EMF wave
form as reported by [10]. A method based on flux linkage
calculation is explained in [11]. A detailed review of literature
on position sensorless methods is reported in [12].

The Extended Kalman Filter (EKF) is an optimal recur-
sive online estimator for nonlinear dynamic system that
is disturbed by random noise [13]. This is done using the
knowledge of the system dynamics, statistical description of
the system noises, and knowledge about the initial conditions
of the variables. Extended Kalman Filter is a computationally
efficient way of determining the rotor position by processing
all available measurements regardless of their precision.
Rotor position and speed estimation of permanent magnet
synchronous motors using EKF was established in [14] in
which the measured signal is filtered for eliminating higher
order harmonics. An EKF estimator for trapezoidal back
EMFmotor by using only the stator line voltages and currents
is implemented in [15]. A suitable selection of process noise
and measurement noise covariance matrices is important in
EKF estimation. Often these matrix values are determined by
trial-and-error procedure. Amethod for selecting covariance
matrix which accounts for model uncertainties andmeasure-
ment noise is presented in [16]. Since themotor nonlinearities
and uncertainties in the model are suitable for the stochastic
nature of EKF, this method finds a wide spread application in
sensorless control ofmotors irrespective of the computational
complexity and burden involved [17]. In this paper, a novel
sensorless position estimation algorithmbased on smoothing
technique is presented [18]. States estimated fromEKF in each
sampling instant are refined using the smoothing algorithm.
The improved state estimate is then used as feedback signal
for sensorless operation of BLDC motors.

The organization of this paper is as follows. After a brief
introduction in Section 1, the system description and state
space model of the BLDC motor are presented in Section 2.
Section 3 discusses the EKF algorithm. The proposed sen-
sorless technique for BLDC motor is discussed in Section 4.
Section 5 presents the simulation results to examine the
effectiveness of the proposed method and the last section
presents the conclusion.

2. System Description

2.1. Brushless DC Motor Drive. Figure 1 shows the block
diagram for position sensorless control of BLDC motor. The
system consists ofmainly two sections, the power and control

section (consisting of DC supply, inverter, motor, and current
commutation logic) and the estimation section. The inverter
drives themotor by suitably commutating current intomotor
phases. This requires the knowledge of rotor position relative
to stator windings. The inverter is pulse width modulated
from the current commutation logic circuit. The estimation
section contains an EKF algorithm for estimating the rotor
position and themotor speed.The input variables for the EKF
are themeasuredmotor current andmotor input voltage.The
estimated variables are phase currents, rotor position, and
speed. The estimated rotor position is used as feedback to
determine the current commutation instant. Also the esti-
mated speed is compared with the reference speed for speed
control in a sensorless way. The EKF estimation is improved
by incorporating a smoothing algorithm which makes the
estimation method peculiarly different from similar other
methods for estimating the machine variables.

2.2. Discrete Time Motor Model. The BLDC motor is mod-
elled in stator reference frame based on electromechanical
dynamical equation with stator currents, 𝑌𝑘 = 𝐼𝑘 =
[𝑖𝑎 𝑖𝑏 𝑖𝑐]𝑇, and rotor speed (𝜔𝑚) and rotor position (𝜃𝑒) as
the state variables,𝑋𝑘 = [𝑖𝑎 𝑖𝑏 𝑖𝑐 𝜔𝑚 𝜃𝑒]𝑇. The model con-
siders the stator phase voltage, 𝑈𝑘 = [𝑉𝑎 𝑉𝑏 𝑉𝑐]𝑇, as input
which is calculated from the line voltage. The BLDC motor
model in continuous state space model is given by (1) and (3).

�̇� = 𝐴𝑋 + 𝐵𝑈 (1)
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Figure 1: Block diagram for position and speed estimation.

where 𝑅 is the winding resistance, 𝐿 is the equivalent induc-
tance in magnetically coupled windings, 𝑓(𝜃) is a unit func-
tion of back EMF in each phase (dependent on rotor posi-
tion), 𝐾𝑏 is the back EMF constant, 𝐽 is the moment inertia,
𝐵 is the friction coefficient, and 𝑝 is the number of poles.

𝑌 = 𝐻𝑋. (3)

The vector of measurement variables is given by 𝑌𝑘 =
[𝑖𝑎 𝑖𝑏 𝑖𝑐]𝑇 and measurement gain matrix is

𝐻 = [[
[

1 0 0 0 0
0 1 0 0 0
0 0 1 0 0

]]
]
. (4)

The continuous time model of BLDC motor (BLDCM)
is deduced into discrete time model for applying EKF which
is based on discrete time with a sampling interval 𝑇 (the
sampling time being much lesser than motor time constant).

𝑋(𝑘+1) = 𝐹𝑘𝑋𝑘 + 𝐺𝑘𝑈𝑘. (5)

Thematrices of discrete system are approximated by Euler
as

𝐹 = 𝐼 + 𝐴𝑇,
𝐺 = 𝐵𝑇. (6)

Measurement is related to state variable by

𝑌𝑘 = 𝐻𝑋𝑘. (7)

In the discrete time model of BLDCM, measurement
errors and uncertainties of the machine model are not con-
sidered. This will introduce stochastic variables, which is
measurement noise vector (V𝑘) and system noise vector (𝑤𝑘)

in the model. The stochastic discrete time model of the
BLDCM system is given as

𝑋(𝑘+1) = 𝐹𝑘𝑋𝑘 + 𝐺𝑘𝑈𝑘 + 𝑤𝑘
𝑌𝑘 = 𝐻𝑋𝑘 + V𝑘.

(8)

These variables are considered to be zero mean, Gaussian
white noises, uncorrelated among them, and are character-
ized by their covariance matrices 𝑄 and 𝑅.

3. Extended Kalman Filter
Estimation Algorithm

Extended Kalman Filter is an optimal filter for recuperating
data from noisy measurements designed for a nonlinear state
space system. It is a model-based approach requiring the
signal models and the noise statistics satisfying an optimality
condition of minimum mean square error or minimum
covariance. For estimating the position and speed of BLDC
motor which is a nonlinear system, Extended Kalman Filter
is used.There are two steps in basic Kalman Filter estimation
process [19]. The first step predicts the state 𝑋(𝐾+1/𝐾) and
the error covariance matrix �̂�(𝐾+1/𝐾) for the next time instant
(𝑘 + 1) by means of estimated state variables 𝑋(𝐾/𝐾) at 𝑘th
time and input variables to system model. These predicted
state variables are updated using the measurements available
during the (𝑘 + 1)th instant.

Predictor step is given by

𝑋(𝑘+1/𝑘) = 𝐹𝑘𝑋(𝑘/𝑘) + 𝐺𝑘𝑢𝑘
�̂�(𝑘+1/𝑘) = 𝐹𝑘�̂�(𝑘/𝑘)𝐹𝑇𝑘 + 𝑄𝑘,

(9)

where 𝐹𝑘 = 𝜕(𝐹𝑘𝑋(𝑘) + 𝐺𝑘𝑢𝑘)/𝜕𝑋𝑘(𝑋𝑘=𝑋𝑘/𝑘).
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Corrector step is given by

𝐾𝑘 = 𝑃(𝑘+1/𝑘)𝐻𝑇 [𝐻�̂�(𝑘/𝑘+1)𝐻𝑇 + 𝑅𝑘]−1

�̂�𝑘/𝑘 = [𝐼 − 𝐾𝑘𝐻] �̂�(𝑘/𝑘−1)
𝑋𝑘/𝑘 = 𝑋(𝑘/𝑘−1) + 𝐾𝑘 [𝑦𝑘 − 𝐻𝑋(𝑘/𝑘−1)] .

(10)

The estimation is started with an initial value for state
variables and covariance matrix (𝑋0, 𝑃0). The process noise
(𝑄) and measurement noise (𝑅) covariance matrix are to be
selected carefully for filtering. The matrix 𝑄 has a diagonal
structure with the order equal to the number of state variables
representing the estimation uncertainties (𝑞𝑖𝑖 is the variance
of 𝑤𝑘) given as

𝑄𝐾 = diag [𝑞11 𝑞22 𝑞33 𝑞44 𝑞55] . (11)

The measurement noise covariance matrix also has a
diagonal structure giving the current measurement and A/D
convertor error (𝑟𝑖𝑖 is the variance of V𝑘) given as 𝑅𝑘 =
diag [𝑟11 𝑟22 𝑟33].

These are often selected through a trial-and-error proce-
dure. Incorrectmodelling of covariancematrixmay cause the
filter to diverge.

4. Proposed Sensorless Position Estimation
Based on Smoothing Algorithm

Smoothing is an estimation process in which the state at a
time instant in the given sampling interval is estimated from
the observations that succeed and precede the current state
being considered [20]. Smoothing gives superior estimates
to filtering, or, in particular, estimates with smaller error
covariancematrices [21, 22]. A significant improvement in the
smoothed estimate is obtained for high signal-to-noise ratio
and depends on signal model dynamics as well.

The proposed sensorless position estimation of BLDC
motor uses a smoothing process derived from the fixed
lag smoothing algorithm [23]. In this approach, fixed lag
smoothing with delay one is used. For any time instant “𝑘,”
𝑋𝑠(𝑘/𝑘+1) is a smoothed estimate of 𝑋(𝐾/𝐾) based on the ob-
servations up to (𝑘 + 1)th time instant.This smoothed state is
used for predicting and correcting the state at (𝑘+1)th instant.
The rotor position of the BLDC motor is estimated using
measured motor voltages and currents by employing an EKF.
In regular EKF, the state variables 𝑋(𝐾/𝐾−1) and error covari-
ance matrix �̂�(𝐾/𝐾−1) for the instant time “𝑘” are predicted
based on the estimated state variables and input variables at
the instant (𝑘 − 1). The state 𝑋(𝐾/𝐾) and covariance matrix
�̂�(𝐾/𝐾) are updated using the measurements available at time
step “𝑘.” It is observed that, at time instant “𝑘,” we have all
the filter parameters available and also future information
𝑌𝑘 for smoothing the estimate of previous time step (𝑘 − 1),
𝑋𝑠(𝑘−1). This smoothed state is used to refine the filtered
state at 𝑘th instant. Thus the smoother performs smoothing
from the current time to the previous updating time using
the latest corrected estimates and predicted estimates. This

Table 1: Motor parameters.

Parameter Values
Resistance (𝑅) 0.7Ω/ph
Self-inductance (𝐿𝑠) 2.72mH
Rated speed 3700 rpm (+/−5%)
Moment of inertia (𝐽) 2 ∗ 10−4 kgm2

Frictional coefficient (𝐵) 2 ∗ 10−3Nm/rad
Number of poles (𝑝) 4
Rated torque (𝑇) 0.89Nm

process sequence is repeated for estimating the state in the
succeeding measuring intervals. Smoothed estimate at any
instant time “𝑘” is computed based on the following steps.

Initialize the smoother with the latest corrected estimates.

𝑋𝑠(𝑁) = 𝑋(𝑘/𝑘)
𝑃𝑠𝑁 = �̂�(𝑘/𝑘).

(12)

Then calculate smoothing filter gain matrix using

𝐾𝑠(𝑘) = �̂�(𝑘/𝑘)𝐴𝑇𝑘 (�̂�(𝑘+1/𝑘))−1 . (13)

The smoothed estimate and smoothed covariance are
then given by

𝑋𝑠(𝑘) = 𝑋(𝐾/𝐾) + 𝐾𝑠𝑘 (𝑋𝑠(𝑘+1) − 𝑋(𝑘+1/𝑘))
𝑃𝑠(𝑘) = �̂�(𝑘/𝑘) − 𝐾𝑠𝑘 (�̂�(𝑘+1/𝑘) − 𝑃𝑠𝑘+1) (𝐾𝑠𝑘)𝑇 .

(14)

For real-time applications, the time taken for filtering
and online smoothing between consecutive measurement
updates ought to be well thought out to avoid any missing
data from the sensor. Smoothing is recommended if the
filtered estimates from Kalman Filter are still too noisy even
after tuning. The proposed smoothing provides no time lag
and hence these smoothed estimates can be used for feedback
control system and will not affect the stability of the system.

The structure of the smoother is the same as that of a
Kalman Filter, but in smoothed filter, correction term (gain
times residual) is added to the optimal filtered estimate
instead of the optimal predicted estimate as in Kalman Filter.
The smoothed estimate and smoother gain are independent
of the smoothed covariance but the computation of smoother
gain requires forward filter covariance. The smoothing tech-
nique incorporated alongwith EKF provides a better estimate
than filtering. A few among relevant results are included in
simulation.

5. Simulation Results of
the Proposed Sensorless Algorithm

The performance of the described algorithm is evaluated
by simulation using MATLAB SIMULINK. The motor drive
system is operated with the proposed estimation algorithm.
The parameters of the motor used for simulation are shown
in Table 1. Exact commutation instant is determined from the
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Figure 2: (a) Estimated and actual rotor speed at𝑁 = 3700 rpm and 𝑇𝑙 = 0.89Nm. (b) Zoomed view of the speed curve.

rotor position information which is obtained by sensorless
method using the proposed estimation algorithm. Taking
into account the model inaccuracy and system disturbances,
the covariance matrix has been fixed through a trial-and-
error procedure. The following values of 𝑄 and 𝑅 have been
taken:

𝑄 = diag [0.05 0.05 0.05 0.03 0.03]
𝑅 = diag [0.001 0.001 0.001] . (15)

5.1. Performance Evaluation of the Sensorless Algorithm during
Varying Speed and Load Torque Conditions

5.1.1. Performance at Rated Speed and Rated Torque. Simula-
tion has been carried out at rated speed, 3700 rpm, and load
torque, 𝑇𝑙 = 0.89Nm. Figure 2 shows the actual motor speed
and Kalman Filter and smoothing filter estimated speed and
their zoomed response. It is observed that estimated speed
tracks the actual motor speed.

From the speed response, we can observe that the speed
estimation with smoothing filter gives better result compared
with that of conventional EKF. In speed error curve shown
in Figure 3, we can observe that the deviation of estimated
speed from the actual speed is approximately 15 rpm for EKF
and less than 10 rpm for smoothed filter. As expected, the
smoothing algorithm gave an improved estimate of speed
over EKF. The mean estimation error is 1.4 rpm for EKF and
0.87 rpm for smoothing filter.

Figures 4(a) and 4(b) show the estimated rotor position
with EKF and smoothing filter. The error in position esti-
mation is 1.8 electrical degrees for EKF and 0.95 electrical
degrees for smoothing filter. The position estimation error is
almost halved for the proposed smoothing algorithm.

The estimated rotor position and phase “𝑎” stator current
with the new smoothing filter algorithm are shown in
Figure 5.

5.1.2. Performance at Half Rated Torque. To examine the
effectiveness of the algorithm at half rated load torque,
simulation was carried out at 0.45Nm. The estimated and
actual speed are shown in Figure 6. It is observed that at half

rated load the estimated speed follows the actual speed with
a reasonable error.

The error in estimated speed and rotor position is shown
in Figure 7. The performance of the algorithm is comparable
with that at rated load.The speed deviation from actual value
is around 17 rpm for EKF and 12 rpm for smoothing filter,
while for position estimation the error is reduced by 50%with
the proposed filter compared with EKF.

5.1.3. Performance at No Load and 1000 rpm. The effective-
ness of the algorithm at no load condition is demonstrated
in Figure 8. The estimated speed in Figure 8(a) shows that
the algorithm performs well even at no load. The error in
speed estimation is comparatively low at no load. The peak
variation is roughly 4 rpm in EKF and 2 rpm in smoothing
filter as illustrated in Figure 8(b). The mean speed error with
smoothing filter algorithm is 0.03 rpm. Figure 8(c) shows that
the position error at no load with smoothing filter is 7.5
electrical degrees which is less than EKF.

5.1.4. Performance at No Load and Low Speed. The perfor-
mance of the algorithm at no load and low speed condition
is established in Figure 9. The motor was set to operate at
470 rpm at no load. The speed estimated from the estimation
block is shown in Figure 9(a). It shows that at low speed the
variation in speed from the actual speed is reasonably high.
The variation in speed is 40 rpm forKalman Filter and 30 rpm
for smoothing filter and the rotor position error in this case
is on higher side with 20 electrical degrees with smoothing
filter as seen in Figures 9(b) and 9(c).

Therefore through the simulation results it has been
established that the proposed smoothing algorithm is effi-
cient in estimating the speed and rotor position for sensorless
operation of brushless DC motors.

6. Conclusion

A new improved sensorless estimation algorithm for brush-
less DC motors is presented. The proposed smoothing filter
is an improvement to conventional Extended Kalman Filter.
The estimated state in previous time instant is modified using
the current measurement sample using the one-stage delayed
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Figure 4: Position estimation errors at rated speed and torque. (a) EKF. (b) Smoothing filter.
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Figure 5: (a) Estimated rotor position. (b) Phase “𝑎” stator current.
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Figure 6: (a) Estimated and actual rotor speed at 𝑇𝑙 = 0.45Nm. (b) Zoomed view of the speed curve.
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Figure 7: (a) Speed estimation error at half rated torque. (b) Position estimation error with EKF. (c) Position estimation error with smoothing
filter.
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Figure 8: (a) Speed estimation at no load. (b) Speed estimation error. (c) Position estimation error with smoothing filter.
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Figure 9: (a) Speed estimation at no load, low speed condition. (b) Speed estimation error. (c) Position estimation error with smoothing
filter.

fixed lag smoothing algorithm. The updated state is then
used to correct the present state. Therefore, more accurate
state estimates are obtained for sensorless operation of BLDC
motors. A comparison with the conventional EKF has been
obtained through simulations for different load and speed
conditions. The error in the estimated rotor speed and rotor
position is found to reduce significantly in the proposed
smoothing algorithm in comparison with the conventional
EKF.Thus the performance of the proposed algorithm in sen-
sorless operation of BLDCmotor is promising due to its accu-
racy and efficiency.

Conflicts of Interest

The authors declare that there are no conflicts of interest re-
garding the publication of this paper.

References

[1] R. Saidur, S. Mekhilef, M. B. Ali, A. Safari, and H. A. Mo-
hammed, “Applications of variable speed drive (VSD) in elec-
trical motors energy savings,” Renewable & Sustainable Energy
Reviews, vol. 16, no. 1, pp. 543–550, 2012.

[2] J. R. Hendershort Jr. and T. J. E. Miller, Design of Brushless
Permanent Magnet Motors, Magana Physics Pub, Clarendon
Press, Hillsboro, Ore, USA, 1994.

[3] K. Iizuka, H. Uzuhashi, M. Kano, T. Endo, and K. Mohri,
“Microcomputer Control for Sensorless Brushless Motor,” IEEE

Transactions on Industry Applications, vol. IA-21, no. 3, pp. 595–
601, 1985.

[4] J. Shao, D. Nolan, M. Teissier, and D. Swanson, “A novel
microcontroller-based sensorless brushless DC (BLDC) motor
drive for automotive fuel pumps,” IEEETransactions on Industry
Applications, vol. 39, no. 6, pp. 1734–1740, 2003.

[5] P. Damodharan, R. Sandeep, and K. Vasudevan, “Simple posi-
tion sensorless starting method for brushless DC motor,” IET
Electric Power Applications, vol. 2, no. 1, pp. 49–55, 2008.

[6] P. Damodharan and K. Vasudevan, “Sensorless brushless DC
motor drive based on the zero-crossing detection of back
electromotive force (EMF) from the line voltage difference,”
IEEE Transactions on Energy Conversion, vol. 25, no. 3, pp. 661–
668, 2010.

[7] R. C. Becerra, T.M. Jahns, andM. Ehsani, “Four-Quadrant Sen-
sorless Brushless ECMDrive,” in Proceedings of the IEEE APEC,
pp. 202–209, March 1991.

[8] T. M. Jahns, R. C. Becerra, and M. Ehsani, “Integrated Current
Regulation for a Brushless ECM Drive,” IEEE Transactions on
Power Electronics, vol. 6, no. 1, pp. 118–126, 1991.

[9] S. Ogasawara and H. Akagi, “An Approach to Position Sensor-
less Drive for Brushless dcMotors,” IEEE Transactions on Indus-
try Applications, vol. 27, no. 5, pp. 928–933, 1991.

[10] J. C.Moreira, “Indirect sensing for rotor flux position of perma-
nent magnet AC motors operating over a wide speed range,”
IEEE Transactions on Industry Applications, vol. 32, no. 6, pp.
1394–1401, 1996.



Modelling and Simulation in Engineering 9

[11] N. Ertugrul and P. Acarnley, “A New Algorithm for Sensorless
Operation of PermanentMagnetMotors,” IEEE Transactions on
Industry Applications, vol. 30, no. 1, pp. 126–133, 1993.

[12] P. P. Acarnley and J. F. Watson, “Review of position-sensorless
operation of brushless permanent-magnet machines,” IEEE
Transactions on Industrial Electronics, vol. 53, no. 2, pp. 352–362,
2006.

[13] R. E. Kalman, “A new approach to linear filtering and prediction
problems,” Journal of Basic Engineering, vol. 82, no. 1, pp. 35–45,
1960.

[14] R. Dhaouadi, N. Mohan, and L. Norum, “Design and Imple-
mentation of an Extended Kalman Filter for the State Estima-
tion of a Permanent Magnet Synchronous Motor,” IEEE Trans-
actions on Power Electronics, vol. 6, no. 3, pp. 491–497, 1991.

[15] B. Terzic and M. Jadric, “Design and implementation of the ex-
tendedKalman filter for the speed and rotor position estimation
of brushless dcmotor,” IEEETransactions on Industrial Electron-
ics, vol. 48, no. 6, pp. 1065–1073, 2001.

[16] S. Bolognani, L. Tubiana, and M. Zigliotto, “Extended kalman
filter tuning in sensorless PMSM drives,” IEEE Transactions on
Industry Applications, vol. 39, no. 6, pp. 1741–1747, 2003.

[17] F. Auger, M. Hilairet, J. M. Guerrero, E. Monmasson, T. Orlow-
ska-Kowalska, and S. Katsura, “Industrial applications of the
kalman filter: a review,” IEEE Transactions on Industrial Elec-
tronics, vol. 60, no. 12, pp. 5458–5471, 2013.

[18] J. B. Moore, “Fixed-lag smoothing results for linear dynamical
systems,” Australian Telecommunications Research, vol. 7, no. 2,
pp. 16–21, 1973.

[19] B.Anderson and J.Moore,Optimal Filtering, Prentice-Hall, Eng-
lewood Cliffs, NJ, USA, 1979.

[20] J. S. Meditch, Stochastic Optimal Linear Estimation and Control,
Tata McGraw-Hill, New York, NY, USA, 1969.

[21] H. E. Rauch, F. Tung, and C. T. Striebel, “Maximum likelihood
estimates of linear dynamic systems,” Journal of the American
Institute of Aeronautics and Astronautics, vol. 3, pp. 1445–1450,
1965.

[22] M. Briers, A.Doucet, and S.Maskell, “Smoothing algorithms for
state-space models,” Annals of the Institute of Statistical Mathe-
matics, vol. 62, no. 1, pp. 61–89, 2010.

[23] J. B. Moore, “Discrete-time fixed-lag smoothing algorithms,”
Automatica, vol. 9, no. 2, pp. 163–173, 1973.



International Journal of

Aerospace
Engineering
Hindawi
www.hindawi.com Volume 2018

Robotics
Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

 Active and Passive  
Electronic Components

VLSI Design

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Shock and Vibration

Hindawi
www.hindawi.com Volume 2018

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi
www.hindawi.com

Volume 2018

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2013
Hindawi
www.hindawi.com

The Scientific 
World Journal

Volume 2018

Control Science
and Engineering

Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com

 Journal ofEngineering
Volume 2018

Sensors
Journal of

Hindawi
www.hindawi.com Volume 2018

International Journal of

Rotating
Machinery

Hindawi
www.hindawi.com Volume 2018

Modelling &
Simulation
in Engineering
Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Navigation and 
 Observation

International Journal of

Hindawi

www.hindawi.com Volume 2018

 Advances in 

Multimedia

Submit your manuscripts at
www.hindawi.com

https://www.hindawi.com/journals/ijae/
https://www.hindawi.com/journals/jr/
https://www.hindawi.com/journals/apec/
https://www.hindawi.com/journals/vlsi/
https://www.hindawi.com/journals/sv/
https://www.hindawi.com/journals/ace/
https://www.hindawi.com/journals/aav/
https://www.hindawi.com/journals/jece/
https://www.hindawi.com/journals/aoe/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/jcse/
https://www.hindawi.com/journals/je/
https://www.hindawi.com/journals/js/
https://www.hindawi.com/journals/ijrm/
https://www.hindawi.com/journals/mse/
https://www.hindawi.com/journals/ijce/
https://www.hindawi.com/journals/ijap/
https://www.hindawi.com/journals/ijno/
https://www.hindawi.com/journals/am/
https://www.hindawi.com/
https://www.hindawi.com/

