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Speed Estimation of an Induction Motor Drive Using
an Optimized Extended Kalman Filter

K. L. Shi, T. F. ChanMember, IEEEY. K. Wong, Senior Member, IEEEand S. L. Ho

Abstract—This paper presents a novel method to achieve good %
performance of an extended Kalman filter (EKF) for speed esti- v(t)
mation of an induction motor drive. A real-coded genetic algo-
rithm (GA) is used to optimize the noise covariance and weight
matrices of the EKF, thereby ensuring filter stability and accuracy
in speed estimation. Simulation studies on a constant VV/Hz con- Vs, Vos
troller and a field-oriented controller (FOC) under various oper-
ating conditions demonstrate the efficacy of the proposed method. w(t)

The experimental system consists of a prototype digital-signal-pro-
cessor-based FOC induction motor drive with hardware facilities

for acquiring the speed, voltage, and current signals to a PC. Ex- ¥
periments comprising offline GA training and verification phases
are presented to validate the performance of the optimized EKF.

Index Terms—Genetic algorithm, induction motor, Kalman

filter.
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NOMENCLATURE

Input and output matrices of discrete system.

Weighting matrix of noise.
Matrix of output prediction.

Components of the stator current vector in the

stator reference frame, A.

Components of the stator current vector in thErom

excitation reference frame, A.
Moment of inertia of the rotor, kg?.
Moment of inertia of the load, kg?.
Kalman filter gain.

Stator inductance, H/phase.
Mutual inductance, H/phase.
Rotor inductance, H/phase.
Sampling period, s.

Number of poles.

Error covariance matrix.
Covariance matrix of system noise.

Covariance matrix of measurement noise.

Stator resistancé}/phase.
Rotor resistance)/phase.
Torque command, M.
Load torque, Nm.

Control function, vector.

Noise matrix of output model.

Components of the stator voltage vector in the
stator reference frame, V.

Components of the stator voltage vector in the
excitation reference frame, V.

Noise matrix of state model.

System state.

System output.

Vdsa V;]s

Xi. Stator leakage reactance.

X Rotor leakage reactance referred to stator.
X Magnetizing reactance.

Wo, W Rotor speed and speed command, rad/s.
Adrs Agr Components of the rotor flux vector, Wb.
Ads; Ags Components of the stator flux vector, Wb.
D Matrix of state prediction.

I. INTRODUCTION

PEED estimation methods have in recent years aroused
reat interest among induction motor control researchers.
the drive system’s point of view, elimination of the
speed sensors and the associated measurement cables has the
advantages of lower cost, ruggedness, as well as increased
reliability. Compared with a honlinear observer [1], the Kalman
filter has a good dynamic behavior, disturbance resistance, and
it can work even under standstill conditions. The Kalman filter

is a special kind of observer that provides optimal filtering
of the noises in measurement and inside the system if the
covariances of these noises are known. The extended Kalman
filter (EKF) is based on the nonlinear extended induction motor
model that includes the rotor speed as a state variable. Although
considerable progress has been achieved for EKF induction
motor drives [2]-[4], little attempt has been made to optimize
the filter performance. As the correct noise matrices cannot
be chosen based on classical theories, they are usually tuned
experimentally by a trial-and-error method [1], [5]—a tedious
process which may not give accurate results. In this paper, a
real-coded genetic algorithm (GA) [6], [7] is employed for
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best EKF performance. Simulation studies are carried out

h induction motor drive with FOC, implemented based on a

h

Will be presented to confirm the efficacy of the GA-optimized
EKF for speed estimation in induction motor drives.
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[I. EXTENDED STATE MODEL OF INDUCTION MOTOR States

i
ds

A dynamic electrical model for a three-phase induction motol
has four state variables, namely, the stgtor cgrrém;sigs) and Volage K airan fiter
the rotor fluxes &4, A4-). An extended induction motor model C }

1)
g5

)
ﬂ' dr

results if the rotor speed is included as an additional state var ~~ S-Function A
able. The extended model can be expressed as follows [8]: Estimated
Speed
& =Az + Bu + G(t)w(t) (SySten) (1) Fig. 1. Simulink model of extended Kalman filter speed estimator.
y=Cz+v(t) (Measurement 2
A. Prediction of State
where
_ifzn) Tnt1in =P +1,n,2,n 1,Un) (5)
i where
Ty = )\((;,) O (n+1,n, Tppn—1,un) = Ap (Tnn) Tpn +Bp (2nn) 1. (6)
)\(2)
w?m B. Estimation of Error Covariance Matrix
Yn = | .t ad ooT
_ILSIS) :| Pn—l—l n— & _ nn "o + FNQFZ (7)
ry (n) dx z=x Oz =
V nn nn
u=| 4, } where
L ‘/’IS o) n+1
B Ky L R, PLyel” _
K, PLyw(™ Ly R "
0 1 K M 2L, K, M LYK, M0 and the initial value of?,,, is a constant matrix.
An=| ey 0 Vo) V|
TTO Y gw((?)M 1_1ay ol C Computation of Kalman Filter Gain
L 0 0 0 0 1 T
- M H
K 0 Ky =Pypo1—/——
0 M 837 L=Tgm—1
B.=lo 0 -1
n OH OHT
0 0 < O Pt “or + R) (8)
| O 0 T=Tpn_1 T=Tpn_1
o 1 0 0 0 0 where
"’ '0 1000 H(xnn—la 7’L) = Cn(xnn—l)xnn—l- (9)

In matricesA,, andB,,, 7 = L,./R,, K, = R, +L3,R,./L?
andK; = (1 —L3,/L,./L)*L,.

In (1) and (2),G(t) is the noise—weight matrixp(t) is the
noisg matrix of state model (system noise)3 af is the noisg Zrn = Epnet + K (yn — H (2nn1,1)). (10)
matrix of output model (measurement noise). The covariance
matrices@ and R of these noises are defined as

D. State Estimation

E. Update of the Error Covariance Matrix

Q =cov(w) = F {wuw'} 3)
R :COV(U) =F {th} (4) Pnn =Po1— Kn % Pnn—l- (11)
dr ez
whereE{.} denotes the expected value. In this paper, simulation studies on the speed estimation

algorithm of the EKF are performed on a PC using the
Matlab/Simulink software, as illustrated in Fig. 1. For conve-
nience, the EKF algorithm is coded in an M-file (written in

The recursive form of the Kalman filter may be expressetie Matlab language) which is placed in the S-function block
by the following system of equations, where all symbols in thH®]. The EKF algorithm is executed whenever the S-function
formulations denote matrices or vectors [3]. is called.

I1l. EKF ALGORITHM FOR ROTOR SPEED ESTIMATION
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Fig. 2. Closed-loop constant V/Hz control system with EKF speed estimation.

IV. OPTIMIZATION OF EKF
To justify the need for an optimized EKF, the EKF speed es-

Rotor speed
_>
Induction Torque l
motor
Stator Scope
load current
] Estimated
Kalman
Stator voltage Speed
p| filter
Clock
TABLE |

PERFORMANCE OFEKF FOR A CONSTANT V/HZ INDUCTION MOTOR DRIVE

0 : H i i _ 1& s s
mtion lgrifn = appled (0@ dlosedloop consant VM, T g | £x1Sa-er | P
. L. oy
The induction motor used for the simulation studies has tl 1 A=p=E=5=le-2 417.1220 Poor
following parameters. Type: three-phase six-pole 60-Hz 7.5-k_ 2 A=p=E=5=le-3 772.4852 Poor
220-V squirrel-cage induction motor 3 A=p=g=6=1e-6 2.5927+003 Poor
4 A=g=8=le-3, y=1e-2 1.5331 Good
Rs =0.288 2 /phaseR, = 0.161 Q/phase 5 A=é=le-3, py=5=le-2 1.0164 Good
6 =¢=]e-6, y=5=1e- 0.9985 v d
X;, =0.512 Q/phaseX;, = 0.218 /phase Amolet pmdle2 Y e
_ _ 2 § = actual rotor speed, ¢ = estimated speed,
Xu =14.821 ©}/phase/y = 0.4kg-m » = number of data samples (= 45000),
Jp =0.4kg-m? Tr, =20 N -m. E = mean squared error of estimated speed.
In the simulation, the error covariance matfof the EKF is 140
L . . . . . . A=p=E=5=]e-6
initially set as a unit matrix while the noise covariance matrices 120} ) N
R, @, and noise—weight matri¢ are assumed as ool '
1 0 0 0 0 T owb  ff 0 AN
~ ,,1
» 8 (1) (1) 8 8 E/ 60f /4 Actual speed 1
- 8 40
0 0 0 1 0 % ol £ Z.=,uu=§=(5’=]e—2
L0 0 0 0 1
1073 0 0 N P e
R= =f=]e-6 p=0=]e-2
0 1073 20 s ' ———
" 0 1 2 3 4 5 6 7 8 9
g 2 8 8 8 Time(sec)
Q=10 0 ¢ 0 O Fig. 3. Performance of EKF for the constant VV/Hz induction motor drive with
0 00 &0 various covariance matrices (solid line: actual speed; dotted line: estimated
L0 00 0 6 speed).
A0 0 0 0 . . o
0 N0 0 0 trial-and-error method. It is found that poor speed estimation
G=10o 0 x 0 o performance results when the parametgrs:, £ and 6 are
00 0 XA 0 equal (Cases 1-3). By selecting larger valueséoénd 1
000 0 u relative to and A, the EKF performance is improved (Cases

4 and 5). Good speed estimation performance is obtained with
The values of, §, A andy in matrices andG are usually the matrix @ = Diag[107¢,107%,107%,107%,107%] and
determined using a trial-and-error process. For comparis6h = Diag[107°,107¢,107¢ 1075 1072] (Case 6). Fig. 3
purposes, the performance of the EKF with different compshows the estimated speed of the EKF for Cases 1, 2, 3, and
sitions of @ and G is evaluated by the mean-squared errd@@. The results are consistent with the observation made with
between the estimated speed and the actual rotor speed. Siaéerence to Table I.
the estimated speed, in (1) generally experiences greater Manual tuning of the EKF using the trial-and-error method is
variations than the other state variables, it is logical to assigimple to carry out, but the process is very time consuming and
greater values tq:. and 6 (which correspond to the noisesatisfactory performance can only be obtained with great effort
of the estimated speed) in the covariance matriGesind from an experienced operator. As the distribution of noise is usu-
Q,. Table | shows typical EKF performance obtained by ally unknown, itis not possible to deduce a generic relationship
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between the values of the matrix elements and the EKF perfor-3) Fitness Evaluation:In the current generation, each of the

mance for fine tuning of the matrices to yield the best spestrings is decoded back to the corresponding diagonal elements

estimation results. of the three matrices7,, Q4 andRy. Then, these diagonal ele-

ments from each string are separately sent to the EKF speed es-

timator of the induction motor drive to yield the objective func-

tion (which is the mean squared error of the estimated speed).
When the speed estimation technique is implemented irFinally, these strings are ranked according to the value of the

practical closed-loop sensorless induction motor drive, the sigpjective function by a linear ranking method.

nificant delay between actual speed and EKF estimation speed) Reproduction: Reproduction is a process by which parent

will result in large speed oscillations. The difficulties in apstructures are selected to form new offspring. In this paper, the

plying the EKF speed estimation technique may be overcorsi@chastic universal sampling method is employed.

by the use of a GA which has evolved as a powerful optimiza-5) Recombination (Crossover)The single-point recombi-

tion tool over the past three decades [11]. A GA is a stochastiation method is used to exchange the information between two

global search method that mimics the metaphor of natural bighromosomes.

logical evolution. The algorithm differs substantially from more 6) Mutation: The Breeder Genetic Algorithm [12] is used to

V. OPTIMIZING THE NOISE MATRICES OFEKF USING A GA

traditional search and optimization methods as follows. implement the mutation operator for the real-coded GA, which
1) A GA searches a population of points in parallel insted¢feS @ nonlinear term for the distribution of the range of muta-
of searching for a single point. tion applied to gene values. This mutation algorithm is able to

2) A GA does not require derivative information or othef€nerate most points in the hypercube defined by the variables
auxiliary knowledge; only the objective function ancPf the individual and range of the mutation. By biasing muta-
corresponding fitness levels influence the directions &en toward smaller changes in gene values, the mutation can be

search. used in conjunction with recombination as a foreground search
3) A GA uses probabilistic transition rules instead of deteR'0Cess. o _
ministic rules. 7) lteration: The real-coded GA runs iteratively repeating

4) The nature of the function being optimized is immateriafh® procedures 3)-7) until a population convergence condition
both unimodal and multimodal functions can be deal® Metor the maximum number of iterations is reached.
with successfully. The parallel search capability of a The real-coded GA for the EKF (GA-EKF) has been imple-
GA avoids the iterations being trapped in local optimuriiiented using Matlab/Simulink. For optimizing the covariance
points. matrices, 2, andR of the EKF, the parameters of the GA are

Among the four matrices in the EKF speed estimation apetas follows:

gorithm, the error covariance matri will be updated in the 1) initial population size—100;

course of the EKF iterations as prescribed by (10), which im- 2) maximum number of generations—20;

plies that only matrice&, Q, andR need to be optimized. For  3) probability of crossover—0.8;

this purpose, an optimization method based on a real-coded GA4) putation probability—0.01;

[7] is employed in this paper. Compared with a binary-coded 5) initial range of real-valued strings—[0.0001; 0.1];

GA, a real-coded GA is more efficient as there is no need to 6) performance measure—the mean-squared error between

convert chromosomes to phenotypes before each fitness evalu- the estimated speed and the actual rotor speed.

ation. Less memory is required and there is no loss in precisiorThe training set for the GA optimization process consists of

caused by the conversion between binary and real values. The stator voltages{;., V) and the stator currentg, ¢,,) of

procedures of the real-coded GA are outlined as follows.  the closed-loop constant VV/Hz drive. This training set is input
1) Population Representation of the Natural Paramto the EKF speed estimator, while the actual rotor speed of the

eter: The five diagonal elementg(;) of the matrixG, five motor drive is taken to be the target set féiness evaluation

diagonal elements¢f;) of covariance matrix@?, and two by the GA. In order to cover both the transient and steady-state

diagonal elementsH;) of covariance matrixz are coded into operations of the induction motor drive, the training sequence

a long real-valued string, known ascaromosomeA typical of 45000 vectorsWys, Vys, tas, ¢4s, wo] IS Sampled over the fol-

coding example of a chromosome is given as follows: lowing speed command periods:

G4 =[0.0637,0.0769, 0.0054, 0.0115, 0.0846] Wt =0~120radls  0s<t<15s

Q4 =[0.0172,0.0037, 0.0313, 0.0817, 0.0235] w* =120 rad/s 15s<t<3s

Rq =[0.0587,0.0924] wr =120 ~20radls 3s<t<425s
chromosome =[Gy, Qu, Rd] w! =20 rad/s 425s<t<5s.

=[0.0637,0.0769, 0.0054, 0.0115,0.0846,0.0172,

0.0037,0.0817,0.0235, 0.0587, 0.0924]. The training sequence thus includes sufficient information
on the dynamics of the practical drive for the GA to optimize
2) Initial Generation: The GA begins by randomly gener-the EKF noise matrices for operation with various speed com-
ating an initial population of the long real-valued strings. mands.
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TABLE I ” BT
OPTIMIZING EKF PERFORMANCEUSING GA FOR THE CONSTANT V/Hz o om L Py
INDUCTION MOTOR DRIVE 2
% 18 u
g
. 1 - 2 . ] < 2 ::7/ 16 2
Generations | £ = _Z(Si - eI.) Generations | £ = —Z(Si - ei) 2
7=t L= & 1 2
0 83137 %
1 52311 11 0.5713 e 148 8 e 18 1 (L AP 4% 43 4am A4 445
2 3.8212 12 0.5247 Time (sec) Time (sec)
3 2.9570 13 03943
4 2.3951 14 03306 Fig. 4. Actual speed and estimated speed of the constant V/Hz controller: EKF
5 1'5648 15 0'2425 matrices tuned by trial-and-error methdd£€ £ = le—6andd = p = le—2)
5 0“9142 e 0‘1794 (solid line: actual speed; dotted line: estimated speed).
7 0.8853 17 0.1731 n .
8 0.7271 18 0.1618 o |
9 0.6370 19 0.1662 h e
10 0.6286 20 0.1543 o u

s = actual rotor speed, e = estimated speed,
n = number of data samples (= 45000),
E = best mean squared error of estimated speed in each generation.

Speed (rad/sec)

) - " - ‘ s']-‘il’rl‘euﬁ(se(:)1 7 - N - “ A A:I‘im;A(Sec; :
When the size of the initial population is small, the GA may

not always converge or arrive at the optimal solution within Big. 5. Actual speed and estimated speed of the constant V/Hz controller:
limited number of iterations [12]_ For the 12-dimensional seardtF matrices optimized by GA (solid line: actual speed; dotted line: estimated
space formed by the diagonal elements of the mat€i€g, and

R, an initial population size of 100 or more has to be choseni
order to give satisfactory results. It should be noted, howeve§
that the GA-EKF algorithm is computationally intensive. Thes
computation time for one generation (with a population size ¢ .
100) is about 8 h on a PIl 350 PC. In view of the computing & )
facilities available, the maximum number of generations is lim

ited to 20 and the off-diagonal elements of the matrices haven %« 1 & Tins ced R O o
been investigated. '
Table Il shows the convergence process of the real-cod (@) ®)

GA, where E denotes the best (minimum) mean-square

error in each generation. After 20 generationd; =%
is reduced to 0.1543 with the optimized matrice3
G = Diag[0.0020 0.0050 0.0010 0.0246 0.1000], i;
@ = Diag[0.0024 0.0875 0.0527 0.0001 0.0978], and &

R = Diag[0.0524 0.0094]. A marked improvement in the :

EKF performance is, thus, achieved with the GA optimizatioc "= ¢ & 1 % s o= O T

approach. Time (sec) Time (sec)
A closer examination of Table Il reveals that the values ( ©) @

FE may not decrease monotonically with the number of genera-

tions. This is caused by tm}utationoperation [13] whose func- Fig. 6. Performance of GA-optimized EKF of the constant V/Hz drive with
various speed control commands (solid line: actual speed; dotted line: estimated

tio_n is tc_’ guarantee that the prObabi“ty of SearChing any giV%Beed). (a) Acceleration to 100 rad/s. (b) Speed reversal from-2 t@d/s. (c)
string will never be zero. It therefore acts as a safety net to meceleration to-100 rad/s. (d) Deceleration to standstill.

cover good genetic material that may be lost through the action
of ReproductiorandRecombinatiorfCrossovey. the simulation results of the optimized EKF for the constant
Figs. 4 and 5 show the EKF performance for the closed-lo&iHz controller for different speed commands. It is observed
constant V/Hz controller with the matrices tuned by ththat accurate speed tracking is possible at different speeds and
trial-and-error method (whemw = ¢ = 1e — 6 and even under standstill conditions.
6 = p = le — 2) and matrices optimized by the GA, re- Itis of interest to investigate the effect of machine parameter
spectively. For comparison purposes, the same control cyclemanges (e.g., due to temperature rise) on the EKF performance.
used for both cases. The simulation results show that the EKBr this purpose, the motor resistances used in the EKF model
optimized by the GA gives more accurate speed estimatiare kept constant at their nominal valugs and R,.. Fig. 7
compared with an EKF tuned by the trial-and-error method. shows the rotor speed response of the constant VV/Hz controller
Since the EKF matrices have been optimized with respeartd the estimated speed of the optimized EKF when the motor
to the given induction motor, the performance of the EKF issistances are increased. The extended Kalman filter shows dis-
satisfactory for various modes of drive operation. Fig. 6 showsrbance rejection to the machine parameter variations because
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" Stator resistance <L2Rs | ol Stator resistance =1.5Rs motor is rated at 220 V, 150 W, 60 Hz and has the following
,'5 0 Rotor resistance =1 2Rr 00 Rotor reststance =1.5Rr parameters:
§ u "
3 . . Rs —14.6 Q/phaseR, = 12.77 2/phase
& " S~ R _________ X =8.37 Q/phaseX;, = 19.53 2/phase
v 1 1 8 4 5 8 Ti7me Esec; L T7imee(s:c) Xy =111.7 Q/phase]M = 0.0028 kg -m?
Jrp =0.01kg-m> Ty =0.5N-m.

(@ (b)

B Stotorresistance=LRs | g gy Statorresistance=2Rs The training sequence and parameters of the GA for opti-
3w f Reotor sesistance <2Rr /ﬂ \ Refor resistance =2Rr mizing the EKF matrice§?, @), andR are the same as those in
?_; ” | Section V except that the initial range of the real-valued strings
3 . \ is set as [0.01; 5]. A different initial range is necessary in order
5 L“\ to guarantee convergence and short iteration time.

° = — Table 1l shows the convergence process of the

L ke ' " Time(sey real-coded GA for the FOC drive. At the 20th genera-
© @ tion, the minimum mean-squared error of the_ e_stlmated
speed has decreased to 0.1489 with the optimized ma-
Fig. 7. Performance of GA-optimized EKF of the constant V/Hz controllemces ¢ = Diag[0.0143 0.0754 0.0326 0.1635 3.2662],
with machine parameter variations (solid line: actual speed; dotted ling: ~— Diag[0.0132 0.0538 0.0724 0.0081 1.4672] and

estimated speed). R = Diag[0.0163 0.0085]. Fig. 9(a) shows the performance
of the GA-optimized EKF for the FOC induction motor

L L ..drive subjected to a typical load cycle, while Fig. 9(b)-
the latter are handled as noise in the speed estimation algorlti%WOWs th(Je Various moggs of drive o);;eration in dif?erer(1t)ti$‘2e

T.he accuracy of speed tracking is good even when the. stator; ?grvals, suitable speed scales having been used to highlight
sistance is increased by 50% and the rotor resistance is douq e speed-tracking capability of the EKF. The GA-optimized
[Fig. 7(c)]. EKF gives excellent performance over the entire speed range,
including constant-speed operation [Fig. 9(b)], low-speed
operation [Fig. 9(d)], and even with the drive at standstill
[Fig. 9(f)]. Accuracy of speed estimation is also good under
To further evaluate the performance of the optimized EKf_gpld acceleration and deceleration transients [Fig. 9(c) and
speed estimation for an FOC induction motor drive is also iﬁffi_)r]]é optimized EKF also gives satisfactory performance when
vestigated. Fig. 8 shows the block diagram of the FOC system ! el
with direct stator flux orientation [14]. From the stator voltage'€ l0ad changes. Fig. 10(a) shows the speed estimation perfor-
(Vis., V) and stator currents; , i, ), the stator flux can be ob- mance following a change in load tprque from 0.5 to_l;mN
tained by a “Flux calculate” block based on the following equdYith the motor drive operating at high speed. There is a short
tions for a voltage-input induction motor model [15]: period during which the estimated speed fails to track the actual
speed due to voltage and current transients. A similar transient

VI. SPEEDESTIMATION FOR AN FOC

period occurs when the load torque is reduced from 1.0 to 0.5
Ags = / (Vs — Ryigs) dt (12) N-m with the motor operating at a very low speed, but the per-
centage error is now considerably larger. In both cases, however,
Ags = / (Vs — Rsigs) dt (13) the EKF starts to give accurate estimation of speed again 0.04 s
after the change in load torque.
|Fluz| =/ A3, + A2, (14)
Ads
a =tan"! <)\d ) . (15) VII. EXPERIMENTAL SYSTEM
qs

Experimental investigation on the EKF involves acquisition

Two proportional-integral (PI) blocks control the stator fluxof stator voltages, stator currents and rotor speed of the FOC
and rotor speed, while another two PI blocks control the statoduction motor drive to a PC for offline optimization of the
currents {ps, ¢¢s) in field coordinates. Coordinate transformamatrices, @, andR of the EKF using GA. The optimized EKF
tion of voltages from the field framelf;, Vo) to the stator is then used for speed estimation of the drive. A comparison of
frame (V4s, Vy5) is implemented by an inverse Park calculatiorthe estimated speed with the actual speed of the induction motor
At the same time, the three-phase voltage signals and threeables the efficacy of the GA-optimized EKF to be ascertained.
phase current signals are sent to the GA-EKF block for rotorFig. 11 shows the experimental DSP-based FOC drive
speed estimation. system with data acquisition for optimization of the EKF.

Simulation studies are performed on the experimental FO®e system consists of an ADMC331 fixed-point DSP board
drive system. The three-phase four-pole squirrel-cage inducti@malog Devices Inc.), an insulated gate bipolar transistor
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iDs* VDs
Torque
4 Pl | o load orave gl ]

Flux* -
VQs Park Vs

o <R i PI. J ) TP ] < P
- - IM ia
Speed*
ib
iDs I
Park (< ic
for
|F|L|X| iQs () < Flux <_" is
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Fig. 8. Simulation of an FOC induction motor drive with EKF speed estimation.
TABLE Il 1o
OPTIMIZING EKF PERFORMANCEUSING GA FOR THEFOC INDUCTION MOTOR = 100
DRIVE (SPEEDDATA FROM SIMULATION USED AS TARGET FUNCTION) g =
=1 Qa8
. 1 & 2 . l u 2 -cru 598 T )
Generations | £ = —Z(Si -e) Generations | E = ~Z(S,» ~e,) 2=
b1 =1 1= .7
0 15.960 "DDO i 2 3 0 “is 04 048 o5 058
1 9.2410 11 0.6375 Time (sec) Time (sec)
2 6.4387 12 0.5584
3 4.7395 13 0.4742 . @ ) ®)
4 3.1094 14 0.4341 ' ) o
5 2.3400 15 0.3526 7 A :
6 1.5067 16 0.2775 < . \ 1
7 1.2093 17 0.2366 £ 0
g 13210 18 0.1773 B i \
9 0.9344 19 0.1520 & ou
10 0.8471 20 0.1489 o
ot 18 19 2 21 22 23 24
s = actual rotor speed, e = estimated speed, Time (sec)
7 = number of data samples (= 45000),
L = best mean squared error of estimated speed in each generation. o s (d)
’g o4 a
(IGBT) inverter power module IRPT1058A (International Recs ,
e e 8 g
tifier Inc.), a data acquisition board PCL818HG (Advantec:=>
Company Ltd.), an encoder GBZ02 with a resolution of 208 *
H H H H w an R
pulses/revolution (China Sichuan Opto-electronic Company ™
three-phase current sensor 31411A (China WB institute), a F  w————5————. = —
, and a 150-W three-phase induction motor. Time (sec) Time(sec)
Besides the DSP unit ADSP-2171, the ADMC331 process (e) 63

board also includes a motor control peripheral with 16-b o , o
. . . Fig. 9. Performance of the GA-optimized EKF for FOC drive (solid line:
three-phase pulsewidth modulation (PWM) generatlon UNffetyal speed; dotted line: estimated speed). (a) Performance over a complete
The DSP has a processor speed of 26 MIPS and provides 124 cycle. (b) Constant-speed operation. (c) Acceleration to 100 rad/s.
x 24-b program RAM, 2Kx 24-b program ROM and 1K (d) Speed reversal from 2 te-2 rad/s. (e) Acceleration te-100 rad/s. (f)
’ ’ . Deceleration to standstill.

x 16-b data RAM. The FOC program and data memories can
be boot-loaded through an RS232 serial port. On a connector
board of the ADMC331, a 12-b digital-to-analog convertesind a conversion time of 2%s. In the experimental studies, the
(DAC) AD7568 delivers the stator voltage signals for EKPphase voltages, phase currents, and rotor speed are input to the
speed estimation. The three-phase current signals are obtaiR€d/ia seven channels at a sampling rate of 20 kHz using a direct
from the motor input leads via the 31411A current sensors. memory access (DMA) program. The DMA method is capable

A PC-based data acquisition board PCL-818HG is used abrapid data exchange by allowing external devices to transfer
acquire the required signals to a PC for the GA-EKF studiedata directly to the PC memory without involving the interrupt
Itis a 12-b A/D converter with eight differential analog inputeommands of the system CPU.
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Fig. 10. Performance of the GA-optimized EKF for FOC drive with load P EKF speed estimation on PC
change (solid line: actual speed; dotted line: estimated speed). (a) Load torq : + s @
increased from 0.5 to 1 &, motor operating at high speed. (b) Load torque ga Reproduction ? A 4
decreased from 1 to 0.5-M, motor operating at low speed. i P H— Is optimization
f no criterion met?
Off-line GA-EKF Recombination | ) % v
% v Output the best
% UD Mutation G, O, R, to EKF
3 D I DMA
a5
v T Fig. 12. Program flowchart for optimizing the EKF using GA in training
RS-232 ADMC331 phase.
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Fig.11. Experimental FOC induction motor drive system with data acquisition
for optimization of EKF.

The experimental FOC algorithm is the same as the simula
tion program with direct stator flux orientation as described in
Section VI. 5

The GA-EKF experiment consists of the training phase anc = i i i i
the verification phase. In the training phase, three-phase voltag ° = > e >® ! Ti,;,:(sec)
and current are acquired as training samples from the experi-
mental system and the actual rotor speed is acquired from the €a-13. Experimental phase voltage and phase current waveforms of the FOC
coder as the target function. After the optimized matrige§), 9nve when run up to 105 rad/s.
and R have been obtained offline using the real-coded GA, the
performance of the EKF is examined in the verification phaseason being that the experimental system can only deliver a
by comparison with the new acquired data samples. training set of 4571 vector samples over a period of 1.4 s. In the

Fig. 12 shows a block diagram of the GA procedure for th@mulation, however, the training set comprises 45000 vector
training phase while Fig. 13 shows the acquired phase voltaggamples taken over a period of 5 s. The second reason is that
and phase current when the FOC drive is run up from standsgillactical noises of voltage and current are carried into the EKF
to 105 rad/s. from the experimental system and encoder noise is carried into

In order to account for the noise present in the actual dritkke GA operator, whereas no account has been taken of system
system, the EKF need to be optimized again for the expenieise in the simulation program. The optimized matrices
mental studies. The parameters of the GA for optimizing tr@e G = Diag[0.1264, 0.1306, 0.1847, 0.1945, 1.5603],
matrices, @), andR of EKF from the experimental data are the) = Diag[0.0648, 0.0993, 0.0816, 0.0963, 1.5000] and
same as those in Section VI. Table IV shows the convergenBe= Diag[0.0101, 0.0104]. Fig. 14 shows the actual speed and
process. The GA optimization method has improved the EKke speed estimated using the EKF with the optimized matrices.
performance by decreasing the mean squared error of estimafted initial switching transients in the voltage and current
speed from 12.6931 to 1.2980. The mean-squared errorwigveforms cause the estimated speed of the EKF to deviate
larger than that obtained in the previous simulation results, oftem the actual rotor speed, but the discrepancy decreases with

Current (A)
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TABLE IV
OPTIMIZING EKF PERFORMANCEUSING GA FOR THEFOC DRIVE (SPEED 200 1
DATA FROM EXPERIMENT USED AS TARGET FUNCTION) & 100 1l
5 ol b
. 13 . . 1y . £ ool
Generations | E = —Z(si ~e) Generations | E = _Z(Si -e) > I
nis nia 200 feednenn ; ;
0 12.6931 - 2005 ov:2 o.:a 06 0.8 1 1.:2 1.4
1 4.0216 11 1.6493 Time (sec)
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3 3.1341 13 1.5234 .
4 3.0235 14 1.6019 —~ by
< 1
5 2.8401 15 1.4820 et \w
6 2.5294 16 1.4397 % T 1
7 2.1983 17 1.3589 o il
8 2.2631 18 1.3740 -2 ( : : ;
9 1.9378 19 13138 S 0.2 0.4 o.:s 0.8 1 1.2 1.4
10 1.8653 20 1.2980 Time (sec)
s = actual rotor speed, e = estimated speed, =00 I
n = number of data samples (= 4571) /
E = best mean squared error of estimated speed in each generation. 5 % o oo
% 100 f
S et /
100 e | 8 =0 } e e 4
> L/ o ; ;
3 &0 ionof o s
é 80 / =] o.2 C.‘4 0.6 D.‘B 1 ‘1.‘2 1.4
£ Time (sec)
- 40 - F
Lo 3 .
n /
o o~ S NP
: 2 8 "
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Time (sec) B
T Bk ?“3 )
- e B
2 : —
% ’ o J/ v a5 o5 w5 0z 0% 03 b5 Bs 0
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3 w
& wlf Fig. 15. Phase voltage, phase current, and speed estimated using the
; GA-optimized EKF when the motor is run up to 188 rad/s (solid line: actual
3 005 o1 a5 02 025 03 T T Y Y R P T speed; dotted line: estimated speed).
Time (sec) Time (sec)

Fig. 14. Actual speed and speed estimated using the GA-optimized ERIR @ prototype FOC induction motor drive have verified the
when the FOC drive is run up to 105 rad/s (solid line: actual speed; dotted lirgyeed estimation accuracy of the optimized EKF. The work de-
estimated speed). scribed has provided a basis for practical implementation of

DSP-based sensorless induction motor drives in the future.
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