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INTRODUCTION
This paper addresses the implementation and optimization
of an Unscented Kalman Filter (UKF) for the Permanent
Magnet Synchronous Motor (PMSM) sensorless control us-
ing an ARM Cortex-M3 microcontroller. A various opti-
mization levels based on arithmetic calculation reduction
was implemented in ARM Cortex-M3 microcontroller. The
execution time of UKF estimator was up to 90µs without
loss of accuracy.

EXPERIMENTAL RESULTS
The test setup mainly consists of: a 500 W PMSM; the NXP
board Xpresso-LPC1549; DC voltage power supply 24V;
1000P photoelectric incremental rotary encoder.

Figure 3: Inverter with ARM CPU

Figure 4: Rotor position estimation performance

The UKF execution time are compared with Extended
Kalman filter (EKF) execution time measured by author [1]

Filter No Optimization Optimized

EKF ∼260µs ∼38µs
UKF ∼1000µs ∼90µs

Table 1: ARM processor usages for EKF and UKF
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FUTURE RESEARCH
Compare speed and position estimation accuracy of UKF
and EKF filters.
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CONCLUSION
The UKF for speed and position estimation execution time
on ARM Cortex-M3 processor are more than 2 times longer
compared to EKF. The total execution time of UKF filter is
about 90µs and only at low switching frequency it can be
implemented.

STATE-SPACE PMSM MODEL
A dynamic model of a surface-mounted permanent mag-
net synchronous motor and a sinusoidal flux distribution
in a stationary reference frame (α, β) is expressed by the
following system of differential equations with the assump-
tion that the speed we is constant during the switching pe-
riod [1].

Figure 1: Permanent magnet synchronous motor schematic
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A nonlinear dynamic model can be expressed generally as:

ẋ = f(x,u) (2)

The state vector x and u is denoted as:

x =
[
iα, iβ , ωe, θe

]T
, u =

[
vα, vβ

]T
(3)

UKF ALGORITHM

The unscented Kalman filter is mainly based on unscented
transformation (UT). Unscented transformation is similar in
its concept with Monte Carlo simulation which randomly
picks sample, but this method makes a delicate selection of
weighting for each sample. This significantly reduces the
number of samples required compared to Monte Carlo sim-
ulation [2].

Figure 2: Mean and covariance propagation through non-linear
system

These sample points completely capture the true mean and
covariance of the Gaussian random variable, and when
propagated through the true non-linear system [3].
The complete UKF algorithm for position and speed estima-
tion:
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There matrix H and additional functions are:

H =

[
1 0 0 0
0 1 0 0

]

function [χ,W] = SigmaPoints(x,Px, κ)
n = length(x)

UTU = Px(n+ κ)

χ1 = x

for i = 1, . . . , n

χi+1 = x+Ui

χn+i+1 = x−Ui

end for

W1 =
κ

n+ κ

for i = 1, . . . , n

Wi+1 =
κ

2(n+ κ)

Wn+i+1 =
κ

2(n+ κ)

end for
end function

(5)

function [x,P] = UT(χ,W,Q)

[n,m] = size(fχ)
x = 0,P = 0

for i = 1, . . . ,m

x = x+Wiχi

end for
for i = 1, . . . ,m

P = P+Wi{χi − x}{χi − x}T

end for
P = P+Q

end function

(6)

function fχ = StatePrediction(χ,u)
[n,m] = size(χ)
for i = 1, . . . ,m

fχi = χi + T f(χi,u)

end for
end function

(7)


