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Introduction

I Electric drive = electric motor + control electronics.
I Its control is a solved problem when both electrical (current &

voltage) and mechanical (rotor speed & rotor position) quantities
can be reliably measured.

I Sensoless scenarios = missing mechanical sensors:
I sensors are too big for given space constraints: big drives such as

low-platform tram,
I sensors are too expensive (twice more than the motor): small drives.

I On-line control using low-level DSP processors (Texas Instruments
TMS320F2812) attached to the drive.



Permanent Magnet Synchronous Machine (PMSM)

Mathematical model of the motor:

isα(t + 1) = (1− Rs

Ls
∆t)isα(t) +

Ψpm

Ls
∆tωme(t) sinϑe(t) + usα(k)

∆t

Ls
,

isβ(t + 1) = (1− Rs

Ls
∆t)isβ(k)− Ψpm

Ls
∆tωme(k) cosϑe(k) + usβ(t)

∆t

Ls
,

ωme(t + 1) = ωme(t),

ϑe(t + 1) = ϑe(t) + ωme(t)∆t.

I State: isα, isβ , ωme , ϑe = (2 currents, speed and position).
I Observations: isα, isβ , usα, usβ = (2 currents, x and y voltage).
I Parameters Ψpm,RS , LS ,∆t are (reasonably) known.
I + disturbances...



Power Electronics Models

Model of the control electronics part of the drive includes:

I as dead-time e�ects (in this case of 3µs),
I nonlinear voltage drops on power electronic devices,
I real-time properties of control system�sampling, propagation

delays, lags, etc.

These are manifested in timescale of unit µs, while sampling period of
the control system is 125µs.

I model of these e�ects is known but can not be incorporated in the
estimation loop,

I these in�uences will be considered as disturbance in the wide-scale
model.



Extended Kalman Filter

State-of-the art in sensorless control.
Disturbances in the nonlinear model above is considered as Gaussian:

xt ∼ N ( f (xt−1, ut), Q ),

yt ∼ N ( h(xt , ut), R ).

EKF is a (local) approximation of corect Bayesian �ltering, i.e. projection
of the posterior into

f (xt |y1:t , u1:t) ≈ N (µt ,Pt).

Statistics µt and Pt is computed recursively using Kalman �ltering
equations with linearized f () and h().

I Application to sensorless control (author?) (1, 2) and widely used
since then.

I Major trouble: how to choose Q and R?



Simulated disturbances

Realistic simulator of the drive is available. Results for a demanding
scenario:





E�ects of mismodelling

1. EKF for
Q = diag [62, 66, 454, 0.03]
and R = diag [100, 100].
Peaks of errors up to 300!

2. Simulated diagonal
covariances,
O�set at the end of
simulation.

3. Simulated full covariances.

Errors in estimation of ωe



Properties of the Covariance matrices

I Highly non-stationary (at least on the simulator, in reality?)
I Highest peaks occuring at highest control actions.

How to model the covariance matrices?

I O�-line: (auto)regressive process given observations

+ Identi�ed parameters could be used on-line in DSP processor.
− We need access to disturbances,

I On-line: Bayesian identi�cation of R and Q modelled as
random-walk process

− Too computationally demanding for DSP processor (maybe FPGA?).
+ Does not rely on correctness of the simulator.



Regression process

Tested model:

log (e + Q1,1) = θ′[x ′t , x
′
t−1, x

′
t−2]′ + σQet . (1)

log (e + R1,1) = θ′[x ′t , x
′
t−1, x

′
t−2]′ + σRet . (2)

Results:

I Structure estimation (brute force ML) for (1) accepts either all
regressors or none depending on the constant inside the log().

I Structure estimation (brute force ML) for (2) suggests model of the
following kind:

log (e + R1,1) = θ′[u′sα,t , u
′
sα,t−1, u

′
sα,t−2]′ + σRet .

I Predicted R or Q are out of scale of the simulated values.
(max R̂ = 6, maxR = 400) and unreliable.

I Future work: seek for a good (physically meaningful) instrumental
variables.



On-line estimation via MPF

We seek posterior estimate:

f (xt ,Qt ,Rt |y1:t , u1:t) = f (xt |Qt ,Rt , y1:t , u1:t)︸ ︷︷ ︸
EKF

f (Qt ,Rt |y1:t , u1:t)︸ ︷︷ ︸
PF

.

Marginalized Particle �lter:

I Approximating f (Qt ,Rt |y1:t , u1:t) by empirical density on samples{
Q

(i)
t ,R

(i)
t

}n
i=1

.

I Approximating f (xt |Qt ,Rt , y1:t , u1:t) by{
f (xt |Q(i)

t ,R
(i)
t , y1:t , u1:t)

}n
i=1

computed recursively by n EKF.

I We need
f (Qt ,Rt |Qt−1,Rt−1, ut) =?



Histograms



Covariance evolution models

Random walk:

f (Qt ,Rt |Qt−1,Rt−1) =
4∏

i=1

Ga(k,
k

qii,t−1
)

2∏
j=1

Ga(k,
k

rjj,t−1
).

Mixture of two models:

f (Qt ,Rt) =
1
2

6∏
i=1

Exp(−bQ) +
1
2

6∏
i=1

U(0, qmax)

qmax = [60, 60, 0.03, 1e− 8, 100, 100], bQ = [1, 1, 1e− 4, 1e− 10, 1, 1].

Mixture of 6 independent models:

f (Qt ,Rt) =
4∏

i=1

[
1
2
Exp(−bQ) +

1
2
U(0, qmax)

] 2∏
j=1

[
1
2
Exp(−1) +

1
2
U(0, 100)

]
qmax = [60, 60, 0.03, 1e− 8], bQ = [1, 1, 1e− 4, 1e− 10].



Random Walk



Mixture of 2 models: Estimates of Q and R



Mixture model: Estimates of ωme
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