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MONITORING ON-LINE BY THE STABILITY OF THE KALMAN

FILTER USED IN THE VECTORIAL CONTROL SYSTEM FOR
THE SPEED OF AN INDUCTION MOTOR

In the paper we present the stability study of the Kalman estimator used in a vectorial drive
system of an induction motor with short-circuited rotor. We consider that the control system for
speed is a vectorial system with direct orientation after the rotor flux (DFOC). Although there are
suggestive experimental results, the implementation of such a system containing a Kalman filter
generates serious problems because of the tuning of the covariant matrixes of the measurement
noise and the process noise. Also the solving of the Riccati equations in real time is difficult.
These problems, as well as the simplifier hypothesis from the determination of the mathematical
model on the states space of the induction motor and the modification of the rotor resistance by
temperature lead to the decrease of the estimator and control system performances. Therefore you
must implement an algorithm for research of the estimator stability. This algorithm has to hold
count of the sampling step of sundries processors used in the drives command. The stability study
is done by the determination of the transition matrix poles.

[IpencrarieHo ycToWunBOoe 00ydeHHE OleHIMKa KanmaHa, HCIOIB3yeMOro B BEKTOPHBIX
CHCTEeMax C aCUHXPOHHBIMU JBUTATEISIMU M KOPOTKO3aMKHYTBIM poTopoM. [Ipeamonaraem, 4ro
cHUcTeMa YIPABJIEHHUS! CKOPOCTHIO SIBJISIETCS BEKTOPHOW OPHMEHTHUPOBAHHOM MO MOTOKY pOTOpa.
XOTSl yKe CYHIECTBYIOT SKCIEPUMEHTAIbHBIE PE3YIbTaThl, OCYIIECTBICHHE TaKOW CHUCTEMBI C
¢mwipTpom KanMaHa BBI3BIBACT CEphE3HBIC MPOOIEMBI M3-3a HEOOXOIMMOCTH HACTPOMKH KOBa-
PHAHTHBIX MAaTPHUI] U3MEPCHHBIX ITOMEX M IMOMEX, BOSHUKAIOIIKX B mpolecce padoTel. Taxxke 3a-
TPYJHEHO pEIICHUE YpaBHEHUH PUKKAaTH B peaJlbHOM BpEMEHH. DTH MPOOJIEMbI TakKXkKe, KaK yII-
POILIEHHOE MpEACTaBIeHNE MaTEeMaTUUECKOM MOJIENH B IPOCTPAHCTBE COCTOSIHUI aCHHXPOHHOTO
JIBUTATeNsl U U3MEHEHHE CONMPOTUBICHHS POTOpa MPU HW3MEHEHUHW TeMIepaTyphl, MPUBOIAT K
YXYALNICHUIO KauecTBa paOOTHI OICHINMKA U CUCTEMBI yrparieHus. [loaToMy HeoOXxomumo pea-
JIU30BBIBATh QJITOPUTM HCCIICIOBAHMS YCTOHYMBOCTH PaOOTHI OLCHINHMKA. AJTOPUTM TOJDKCH
MTOIICP)KUBATH IIar BEIOOPKH Pa3IHYHBIX MPOIECCOPOB, MCIOIb3YEMbIX MPH YIPABICHUHU JBU-
rateiasaMu. Y CTOMYMBOE 00yUEHHUE PeaM30BaHO MyTEeM OMPECIICHUS OMIOCOB MATPHUIII Mepe-
X0J1a COCTOSTHHIA.

1. The Kalman filter. The equations
which define the recursive algorithm of the
Kalman filter where written on the basis set by
the following stochastic model of the induc-
tion motor:

x(k +1) = F,x(k) + H u(k) + w(k);
(k) = Cx(k) +v(k),

where w and v are the process noise vector and
the measurement noise vector which are of
Gaussian type and have the following properties:

E[w(k)] = E[v(k)] = Elw(ip" (j)]=0;
E[W(i)WT (N]= kag,'Q
Elv(iV" (j)]=R;S

7k

where E is a statistic which means:
S
E(x)= }}g&oﬁgx(k)
and J; is a Kronecker function:

1 for
S, =
Y10 for

The F} and H; matrixes are obtained from
the 4 and B matrixes of the continuous model
of the induction motor after discrimination. In
practice two models are used:

e The model obtained from complete dis-
crimination for which the Kalman filter is pre-
cise, but a high performance processor is re-
quired for implementation:

i=j;
i#j.
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T2
F =1+AT+A4 —;
2
) (1)
T
Hk =BT+Ak87.

e The model obtained from simplified dis-
crimination for which the Kalman filter is not
so precise, but there is no need for a high per-
formance processor for implementation:

{Fk =1+ AT;

H, = BT. @)

In (1) and (2) T is the sampling period
T=(50+30)us and A, and B have forms which
depend on the type of the observer:

e Kalman filter: The Kalman filter used
for the determination of the rotoric fluxes:

a; 0 K] a140
4 = 0 ay; —ayuo a3 |
k= ;
ay 0 a3 — 0
0 aj Oy asz
T
B—b” OOO.C_IOOO )
1o 5,0 0 o 10 0|
where
g L =o)L,
" A\To To) " LLTc’
a.. = Lm a _Lm a _L_
14 LSLVG’ 31 T’ 33 T’
L I?
b]]zi; T3:73’ T;’zi’ =1= m
Lo R, R, LL

and L, L,, L,, are the stator, rotor and mutual in-
ductance, R;, R, are the stator and rotor resistance
and o is the mutual coefficient of leakage.

The matrixes (3) were determined for:

o the elements of the input vector are the
stator voltages reported to the orientated axis
system dgq:

(k) =g () g, (O]

e the elements of the state vector are the
stator currents and the rotor fluxes reported to
the orientated axis system dg:

x(k) =iy (K)ig, ()W o, (k)W , ()T 5

e the elements of the output vector are the
stator currents reported to the orientated axis
system dq:

(k)= [ids (k) g (k)]T :

o The extended Kalman filter:

The extended Kalman filter matrixes used
for the determination of the rotor fluxes and of
the rotor speed are:

a, 0 aps a,0, 0

0 a ey ag; 0

A =la; O 33 —o, 0

0 ay Oy a;; 0

10 0 0 0 0]

T
b, 00 0 1 00 O
B= ; C= . @

0 5,00 0 100

The matrixes (4) were determined for:

e the elements of the input vector are the
stator voltages reported to the orientated axis
system dgq:

u(k) =, (K, ()" ;

o the elements of the state vector are the sta-
tor currents and the rotor fluxes reported to the
orientated axis system dg and the rotor speed:

x(k) =iy, ()i, ()W . ()W, ()(k)]" s

e the elements of the output vector are the
stator currents reported to the orientated axis
system dgq:

(k) =iy, (k)ig, ()" .

In those conditions, the equations which
define the Kalman filter are:
a) The Kalman filter:

Aklk 1) = F,_P(k =1k =)F, + 0, ,:
K (k) = A@lk -1D)CT [NA@k -1)CT + R, 175
5(klk =1)= F,_%(k —1/k —1) +
+H_u(k—=1); (5)
R(klk) = 2(klk 1)+ K (k)[y(k) — Cx(klk = 1)] ;
P(klk) =[1, - K(k)C]AGklk -1),
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where:

o (k/k—1) is an estimate at the moment
kT on the basis of the anterior data which is
simultaneous at the moment (k —1)T ;

e K(k) is the Kalman matrix;

e x(k/k—1) is the extrapolated state (pro-
vided);

e X(k/k) is the estimated state at the mo-
ment k7 ;

e y(k)—C-x(k/k—1) is the estimate of
the extrapolated state;

e I['(k/k —1) is the covariance a priori ma-
trix of the extrapolated state x(k/k—1);

e P(k/k) is the covariance a posteriori
matrix of the estimated state x(k/k).

The estimate error is:

Xk k) = x(k)—3(k/ k). 6)

The initial conditions of the algorithm (5)
are:

P(0/0)=P, and £(0/0)=2%,.

The covariance matrixes Q and R are con-
stant or are updated at every step. In the paper we
consider that the noises do not sensibly modify
the process and they could be considered con-
stants. Accordingly, the matrixes Q and R are:

o, 0 o3 O
1 0 0 o 0 o4
R= ; Q0= )
0 1 o3 0 a, 0
0 o3 0 a,
where:
c r i G VGiS
[ ] (Xl = ‘é , (X’Z = 0125 5 (X3 :_p ‘Vz 5
o o o

e o is the leakage introduced by the input
variables (u,, and w4, );

e c;, and o, are the leakages introduced
by the output variables (i, and y,);

e p is the correction coefficient.

Because the PWM inverter introduced the
superior harmonics in the voltage and the stator
current components and, implicit, in the rotor
flood tides component, we consider for simula-

tion a source of white noise (Gaussian white
noise in discreet time) K(m, n) = 6,8,,,; where
Omn 18 @ Kronecker function.

On the other side, the vector X, we consider
that it is null and the matrix F, we determined as
solution of discreet Riccati equation of filtration.

So as determine accurate values of the pa-
rameters o; o, and oz, we define an applica-
tion — dependent operating mode and we mini-
mize the mean square error of the rotor flux
modulus for the case rotor resistance uncer-
tainty: ARr/Rr=260[%]:

N

J(ocloczoc3)+\/% Z[Wr(k_\i}r(k)]z )

k=1

where: () = {15, (k) + 5, ()

b) The extended Kalman filter:

In order for the structural properties of the
Kalman filter to be satisfied we will introduce a vir-
tual speed ,, defined ,), (k + 1) =, (k) + Vg (k)
so that we’ll have:

Fey Gy
Fk—l = {O I
2x4 2

o _{f] fr f f}
k-1~ >

~f fi e Sy
0

o Eplk =) e Hwk =)= 12 i A

where:

and F_,H,_, from inside the resented matrix

are obtained from (3) by discrimination using
(1) and (2).
The covariance matrixes O and R are:

Rt O] o[ Q0 0]
0 1 020q  O4ly

where: a, =c,/0,; o, is the leakage speed.
e Cand H,_, matrixes that interfere in the al-

gorithm of the extended Kalman filter are obtained
by the discrimination using (1) and (2) from:

9

By 0000 0
10 5,0 00 0
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~ |1
N=
{0

Continuing, the extended Kalman filter is
similar with (5) with the observations presented.

2. The determination of the K. matrix.
For the stability study of the Kalman filter and
of the extended Kalman filter we need the K,
matrix that makes the connection between the
size entireness of the u(k) motor and the vector

00 00 0O
10 00 O

of the estimated sizes x(k).

So:
u(k) =K, (k)z(k), (7)
where:
”sdx(k) ”qu(k)
00 -
&) v, (&
Kc(k)z 0 0 _L:i:qk(k{ _\stx(l)
v (k) v, (k)
for Kalman filter; and
_ Uy, (k) U (%)
K(k): 00 Wr(k1 \Ifr(k] 00
‘ 0 0 _”S(ﬁ»(k _”sdk(k) 0 0
v, (k) v, (k)

for the extended Kalman filter.
Voltages u (k) and u,, (k) and also flux
rotor absolute |\|/,(kj are obtained based to the

appendix 1 and 2.
3. Stability study by neglecting Kalman
filter dynamics. The start relation is:

x(k+1) = Fx(k)+ Hu(k)+wk) .

Replacing the expression from (6) and (7)
in this relation, it is obtained:

x(k+1) =[F, —H K, () (k) + H K (KR! ) + (k).

For a first approximation, it is assumed that
the error is neglected X(k/k)= 0 and then results:

x(k+1) = [F, — H,K.(k) (k) + w(k) .

Using z coupled impedance and assuming
the process noise null, w(k) =0 results:

[21 - (F, - H,K.(k))]X () =0.

So, for the closed-loop to be a stable sys-
tem, specific values of (Fk -H,. K, (k)) have to
be in basic circle around z flat origin.

Generally, this procedure supposes that
there is no Kalman filter associated dynamics,
which is not true.

4. Stability study when the loop is con-
tained by Kalman filter. At large the motor does
not have the same transition matrix like those
used for design work of Kalman filter and K. con-
trol matrix. It is possible that the built-in Kalman
filter model and motor to be different. Because of
this, we assume that the motors matrixes are
F(nxn); H(nxp); C(gxn) and the equivalent model
matrix are: F*(nxn.); H*(n.xp); C*(gxn,).
The control matrix is K. (pxn;) and the Kalman
matrix is K(n,xq).

The system equations are:

¢ the motor:

x(k+1) = Fx(k)+ Hu(k) +w(k)
e the control law:
ulk—1)= K, (k—1)z(k -1/k 1)
e estimation:
X(klk) = Ak -D)x, (k—1k-1)+
+ K(k)Cx(k) + K (k)v(k)

where:

Ale-1)=[r- ke [, - 17k (e-1)
The (8) relation can be written differently:
X, (klk) = K(k)CF,_jx(k—1)+
+[A(k-1)-K(k)CH,_ K (k—1)]x
xx(k —1/k =1)+ K(k)Cw(k =1)+ K (k)v(k). (9)

On the other hand:

x(k)=F_x(k-1)— H, K, (k-1)x

x %, (k= 1k—1)+w(k-1). (10)

The (9) and (10) relations can be matrix
write:
x(k) | | By
%(kik) | | K(k)CF,_,

{A x(k=1) }{ : }w(k—l)J{ 0 }v(k)-
fk—1k-1)| | K(k)C K (k)

-H_ K .(k-1)
Ak =1 = K(K)YCH,_ K. (k1) |~
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Because w and v are Gauss uniform rows
with  zero  average  autonomous  of

[0) %(0/0), then [dk) %.(k/k)|'is a zero av-
erage Gauss-Markov row and the system dy-
namics is ruled by the specific values of the
square transition matrix F, (n +n,.xn+ nr) :

p | B ~Hy - K. (k=1)
T KOCE, Ak—1)-K()CH, K, (k1) |

5. Special case when the motor and the
model are similar. If the motor and model

have the same order, then X, became xand
x=x+X . The same:

Ak =1)— K(k)CH, K, (k—1) =

=[I-K(k)CVF, —H, K (k-1)+
+K(k)[CH, ,—CH, 1K, (k-1).

The[x £]” vector can be transformed in

[x X]" vector by transforming:

L

By application of this transformation of
the transition matrix and if the transforming
matrix is its personal reverse matrix we have:
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I 0 F,, ~H, K,(k-1)
I —1|KKCF, Ak-1)—KGKNH, K (k-1 |

I 0 Fooy _Hey Hi K (k=1)
X =
I -1 Y V4

where:

Y =(I - K(F)C)F_; = (I = K(K)C)F_y +
+(Hyoy = Hio)K (k=1) = K (k)
x(C"Hy_y = CH_)K (k=1);
Z=(I-KK)C)F_ ~(Hy_y —Hyp)x
x K (k=1) = K(k)(C"H,_, - CH;_)K (k-1).

When Kalman filter model and installation
are the same, thatis F=F"; H=H"; C=C"
then Y=0and Z =(/ -K(k)CO)F,_, .

6. Simulation results. As an example for
what was mentioned, an induction motor with

the circuited rotor that has the fallowing pa-
rameters:

B, =500 ];U, =127[V']; I, = 2,9[4];
n, =1400[rot /min}; z, = 2; M, =3,41[N - m]
R, =4,495[Q]; R, =5,365[Q]; L, =165[mH];
L, =162[mH]; L, =149[mH |
J=095-10"|Kg - m?] : £, = 50[ ]

has been considered. In order to obtain the ef-
fects of the use of the Kalman filter in feed-
back with an induction motor of the type men-
tioned, the mathematical model of the motor
and also the one of the Kalman filter have been

implemented in Matlab-Simulink, using the
S Function blocks. The sampling time used
is 300[ps]. In this simulation it has been consid-

ered that the K(k) matrix is variable and it ac-

tualizes at every step.

7. Conclusions. Luenberger has studied
the problem of the estimators included in the
continual linear control systems. He showed
that the estimator adds poles to the feed-back
system without affecting the others poles. Due
to the simulation of the three cases presented
we showed that this is true only when the esti-
mator is made to give a model to the motor (the
last case presented), even if this is not an opti-
mal project (in stochastic sense). After the
analysis, it has been noticed that at speeds close
to the nominal speed and also at very small
speeds, eigenvalues of the estimator are very
close of the ones of the motor, and we can con-
clude that the control system works fine. Bigger
differences appear only at high speed. After the
analysis it also has been noticed that part of the
eigenvalues of the estimator fall behind the ei-
genvalues of the motor that practically means a
decrease of the control system performances.
The speed limit when this phenomenon appears
depends of the sampling step, diminishing in
the same time with the increase of the latter.
While using the Kalman filters in vectorial con-
trol systems for speed, the fact that they be-
come unstable when using a big sampling step,
which means a decrease in the control system
performances must be take in account.
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