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An Approach to Sensorless Operation of the
Permanent-Magnet Synchronous Motor Using
Diagonally Recurrent Neural Networks

Todd D. Batzel and Kwang Y. Leé=ellow, IEEE

Abstract—Due to the drawbacks associated with the use of the flux linkage space vector. This angle is then used to produce
rotor position sensors in permanent-magnet synchronous motor the appropriate stator current references. This method, how-
(PMSM) drives, there has been significant interest in the so-called ever, suffers at low speeds where integrator drift is a problem
rotor position sensorless drive. Rotor position sensorless control of ; . - LS . L
the PMSM typically requires knowledge of the PMSM structure Furth?rmore’ estlmat'lon accurac;y '_S highly sensitive to varia-
and parameters, which in some situations are not readily available tions in the stator resistance, which is known to be temperature
or may be difficult to obtain. Due to this limitation, an alternative ~ dependent.
approach to rotor position sensorless control of the PMSM using A technique that monitors the third harmonic voltage to ob-
a diagonally recurrent neural network (DRNN) is considered. The tain the rotor angle has been developed in [2]. This technique
DRNN, which captures the dynamic behavior of a system, requires . - . . .
fewer neurons and converges quickly compared to feedforward 'S applicable to the br_ushle.ss dc machine with trapezoidal pack
and fully recurrent neural networks. This makes the DRNN an €mf waveshape, but is of little relevance to the PMSM, which
ideal choice forimplementation in a real-time PMSM drive system. normally has a sinusoidal airgap flux distribution.

A DRNN-based neural observer, whose architecture is based on  |n the waveform detection techniques such asin [3], a specific
a successful model-based approach, is designed to perform theqargcteristic of the back emf is exploited to determine the rotor
rotor position estimation on the PMSM. The advantages of this - . .

approach are discussed and experimental results of the proposed po§|t|on. These methods are simple and may bellmplemented
system are presented. using low-cost components, but accurate determination of the
rotor angle is difficult because of the required low-pass filtering
and the low amplitude of the back emf at low speeds. These
techniques are more applicable to the brushless dc motor, where
an open phase voltage may easily be measured.

. INTRODUCTION The pioneering work in [4] implemented a model-based ob-

N high-performance permanent-magnet synchrono88rverto determine the rotor angle. This observer, however, was

motor (PMSM) applications, high resolution rotor angk}f,ound to be sensitive to mechanical parameters such as load
information is required to operate the machine efficiently arf@rdue, viscous and damping friction and inertia—parameters
to generate smooth torque. A resolver or encoder attachedftgt are often changing dynamically or are unknown. In [5], the
the shaft of the rotor is typically used to supply this positioqependency on the mechanical parameters is removed in an ob-
feedback. These high resolution position sensors add len§@fver-based approach, but the need for an electrical model of
to the machine, raise system cost, increase rotor inertia 4A8 machine remains.
require additional cabling. The desire to eliminate the rotor For a salient rotor PMSM application, the position-dependent
position sensor from PMSM applications has resulted in twéductgnce variation can be.monitored to derive the rotor angle
development of several techniques for sensorless operatiBh This method, however, is unusable for the many machines
[1]-[6]. In general, the techniques for sensorless control tyat are constructed with surface-mounted permanent magnets
the PMSM include open-loop flux estimators using the staté#t the rotor.
currents and voltages, third harmonic voltage-based position! h€ increasing role of the artificial neural network (ANN)
estimators, back electromotive-force (emf) waveform detectidh @ wide variety of engineering applications has spurred in-
methods, and observers and rotor angle estimators based@g@St in its application to power electronics and motor drive
position-dependent stator inductance variation. systems. The artificial neural network (ANN) has several attrac-

The flux linkage estimation method [1] integrates the phagige characteristics that justify this interest, including a parallel
voltage minus the stator resistance drop to estimate the angléigfributed structure, ability to learn and identify nonlinear dy-
namics, ability to generalize and adaptivity. These characteris-
tics suggest the enormous potential of the ANN in motor drive
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the feedforward ANN to remove the static mapping restriction u
and obtain a dynamic mapping. This approach requires that tt ———————® PMSM
order of the system dynamics be known in advance to choose
suitable ANN structure. y-y
Recently, the diagonally recurrent neural network (DRNN) G 1

with dynamic structure was introduced [7] where self-feedbacl A
of the hidden neurons ensures that system dynamics may | A x
captured without the tapped delay approach. In addition t n

its dynamic mapping capabilities, the DRNN requires fewer B X @ X c Iy< 5 ).
neurons, is more easily implemented in real-time systems, ar
-

converges quickly compared to feedforward and fully recurren
ANN structures [7]. Thus, a new approach for neural observa Pt © est.
tion of the PMSM rotor position using a DRNN topology is
considered.

Fig. 1. Rotor position observer for PMSM using Luenberger observer.
Il. M ODEL-BASED OBSERVERAPPROACH

Assuming that the mathematical model for the PMSM f€Present the phase resistance, self-inductance and leakage
available, in [5], sensorless control of the PMSM was achiev&fluctance, respectively, whiteis the electrical time constant
using the system model and a Luenberger observer. In tRisth® machine. The subscriptassociated with thel matrix
work, a separation of time scales is used to yield a linear systdificates that this matrix varies with the angular velocity of the
model for the PMSM. With this approach, the fast electricAPtor and is therefore a time-varying system matrix.

dynamics are represented by From (6), the fast electrical model is dependent on the slowly
varying angular velocity, which is considered to be a parameter
i =A,z + Bu (1) in the fast time scale. In a sensorless application, the angular

velocity must also be estimated. This is accomplished by con-
sidering the back emf to be a space vector. From this viewpoint,
the magnitude and polarity of the velocity can be determined
from magnitude and direction of rotation, respectively, of the
rotating back emf vector [5]

y=Cx 2

where the state, input, and output vectors are given by

T = [x1x2x3x4]T = [AaAg cos 0 sin G]T 3)
u=lurug]” = [vavs]” 4) -
152 ol We =8ign (Oem (k) — Ocmys (K — 1)) |@e|
T . . 1T
y =1y = [iaip] - (5)

1/2
(v = Ria)? + (03 = Rig)’]
In (1)—(5), Aa,8, va,3 @ndi,, s represent the flux linkage, ter- |we| = 5
minal voltage, and phase current, respectively, of the fictitious \/; m

windings in the two phase stationary reference frame. The _1 [ Rig(k) — vo(k)
) i . Oemyp(k) =tan™' [ — 2L (8)
symbolf represents the rotor angle in electrical radians. vg(k) — Rig(k)
The state space matrices are given by
~ S The resultis the system shown in Fig. 1 in which two separate
-7 0 \/; AmT 0 observers—angular velocity and rotor position estimators—are
3 used to achieve the objective of rotor position estimation. The
Aw = 0 —T 0 5)\7”7' . . . . . .
0 0 0 observer gain matri& shown in Fig. 1 is selected to achieve the
0 0 _SJ“ required convergence characteristics. A tremendous advantage
N We to this approach is that it does not require any knowledge of the
10 mechanical parameters such as load torque, friction, and rotor
B = g (1) (6) inertia which are often difficult to obtain, or are changing with
time.
:0 0 Despite the independence from the mechanical variables, this
% 0 —\/gTj‘%m 0 model-based approach requires some knowledge of the PMSM
C= i T structure and electrical parameters, which in some situations is
L 0z 0 - \/; R not readily available or difficult to obtain. Back EMF waveshape
, R 7 and saliency characteristics for a PMSM are not always avail-
L+ 3L able from the manufacturer. Due to this potential dilemma, a

new approach should be considered—the neural observer. Due

The termw, represents the angular velocity of the rototo the many advantages of the approach outlined before, the

shaft in electrical radians per second akg is the perma- DRNN-based neural observer is based in principal on the struc-
nent—-magnet flux constant. The symbals L,,, and I; ture of the Luenberger observer developed in [5].
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B. Dynamic Backpropagation

The goal of backpropagation is to minimize a cost function,
which is normally selected to be the squared error between the

1K) . .
actual ANN output and the desired value. Let the training set
9 consist of the desired output of theth output layer neuron
d (k) and the input patter; (k). With the desired output de-
fined, the error corresponding to output neuroeis represented
by
L&) Cm = dm(k) - ym(k‘) (13)
and the total cost function to be reduced during the training
process is
Input Layer Recurrent (Hidden) Layer Output Layer 1
_ = 2
Fig. 2. DRNN structure. L= 2 Z Cm: (14)
I1l. DIAGONAL RECURRENTNEURAL NETWORK A training algorithm applicable to the DRNN using dynamic

backpropagation has been developed in [7] and [8]. In the fol-
A. DRNN Structure lowing, these results are extended for the case of multiple output
The structure of the DRNN is shown in Fig. 2 for a systemeurons. As shown in [7], a rule for continuous updating of the
with ¢ inputs, j recurrent neurons, and two output neurons. Iweights is
a DRNN, the only recurrent connections that are allowed are OF
self-recurrent connections in the hidden layer, where the re- w(n+1) = w(n) + 7 <_8_> + 6 (Aw(n—1)) (15)
current connections are assumed to incorporate a delay. In the w
absence of the self-recurrent connections, the architecture Ww&eren represents the learning rate,is the iteration index,
comes a feedforward network. [ is a momentum term, anflw(n — 1) represents the change
The generated output of tith output layer neuron arjth  in weightw at the previous iteration. The momentum term is
recurrent layer neuron are given in (9) and (10), respectivelycluded to help ensure that the error converges to a global min-
and the sum of inputs to recurrent neurons is given in (11) imum. To apply (15) to the DRNN training, any specific input,
output, or recurrent weight may be substituted for the symbol

Ym(k) = Z wjomiﬂj(k') (9) w.The remaining results required to implement dynamic back-
J propagation are summarized in (16)—(20)
OFE
) . ———F =em(k)z;(k (16)
zj(k) = f(S;(k)j=1,2,...,7 (10) Bwjom (k)a;(k)
oF
—op = Pi(k) Y wSem (7)
J m
Si(k) =wPxjk—1)+) wlli(k)j=1,2,...,5. (11) oFE
j( ) ! ( ) Z ! ( ) wl. :Qij(k)zwjomem (18)
] m
In (11), I;(k) represents thih input to the neural network Pi(k) =f"(S)(X;(k—1) + w]f?pj(k —1))
at discrete timé&. The weight matrices)};, w?, andw$), rep- P;(0) =0 (19)
resent the input layer weight (connecting inpaind recurrent ’ . , . D .
neuronj), the weights of the self feedback loop for neuijon Qij (k) =f(5;)(1i(k) + w; Qij(k — 1))
and the output layer weight from recurrent neujda thenth Qi(0) =0. (20)

output neuron, respectively. The superscrip andO associ-

ted i the weigts are used 0 ndte th nput. diagonaly 2 121 DU v wEIe e wberoen by o e
recurrent, and output layers, respectively. The funcf{gnin P 9 :

(10) is the commonly used bipolar tansigmoid transfer Chararg_current and input layer weights, however, the error for each

teristic where neuron in the output layer contributes to the weight update.

2

I S (12) V. DRNN-BASED ROTOR POSITION ESTIMATION
1+ exp(—x)

f(z)
Based on a separation of time scales introduced in the pre-

The bias terms shown in Fig. 2 for the recurrent and outpogding section, the DRNN-based neural observer is now de-
layer neurons are also included in (9) and (11) by consideringloped. Like the Luenberger approach previously outlined, the
the bias as a weighted connection with unity input. That isystem inputs to the proposed DRNN-based rotor position ob-
wg,, = b andzo(k) = 1in (9) whilew{; = b andIy(k) =1 server structure are the stator voltages and currents. Similar to
in (11). the model-based method, the neural rotor position estimation
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Fig. 4. Space vector diagram of PMSM in the rotating reference frame.
Fig. 3. DRNN-based neural observer for PMSM rotor angle.

neural current observer is compared with the actual measured
process shown in Fig. 3 is separated into stator current, angwafrents to yield the estimation error
velocity, and rotor position estimators.
- ep,@(k) =ip@ —ip,q- (23)
A. Description of Neural-Based Rotor Angle Observer
1) Neural Current ObserverThe neural current observer The estimation error obtained by (23) is backpropagated to
included in the structure of Fig. 3 is used to map the estimatéf¢ current estimator DRNN, where the backpropagation al-
angular velocityw and the applied terminal voltage , to the gorithm described previously is used to adjust the connection
estimated stator currenp (. Since the rotor position is not di- weights.
rectly measurable in a sensorless drive, machine variables sucB) Neural Velocity ObserverThe neural velocity observer
as the stator current must be represented in the estimatedsfaewn in Fig. 3 is used to map input voltage and current to the
tating reference frame. The actual d-q reference frame, whicregtimated PMSM angular velocity. The recurrent structure of
fixed to the rotor and its relation to the estimated D-Q referendiee DRNN allows the velocity to be estimated from these inputs
frame, is shown in the space vector diagram of Fig. 4. TrarRy learning the dynamics given in (8). Adaptive online correc-
forming the terminal quantities from the stationary three-phatien to the neural velocity observer weights is generated from
reference frame implies the use of the well-known Park transfdhe velocity estimation error. A velocity estimation error is at-
mation [9] using the estimated rotor anéleThe PMSM model tainable despite the lack of a sensor because over a sufficiently
transformed into the rotating d-q reference frame is long time period, the time derivative of the estimated rotor angle
approaches the actual angular velocity. Thus, in steady state, an
val  [R+pLy —w.l, iq 3)‘ 0 indication of the velocity estimation error is available and the
T | wla R+pL, + g tmWe | 4 neural velocity observer is trainable online under certain oper-
21) ating conditions.
wherep represents the differential operator amg, andig , It should be noted that since velocity changes much slower
represent the terminal voltages and currents, respectively, in than the electrical dynamics of the current observer, the velocity
reference frame fixed to the rotor. The terfysandL, in (21) observer may be updated at a rate much slower than the fast cur-
represent the stator inductance in the direct and quadrature asggt observer. This aspect of the velocity estimator offers advan-
respectively, and are equal in a round-rotor machine, so tltages in a real-time computing system.
Ly =Ly = L+ (3/2)Lss. 3) Position Estimation Correctionin Fig. 3, the angle esti-
The neural current observer has no knowledge of the angutaation block generates rotor angle by integrating the estimated
differenceAd between the d-q and D-Q axes, and therefore, tla@gular velocity, with adjustment derived from the current es-
measured current must be resolved into its components in thgation error given in (23). This process is similar to the op-
estimated reference framéx¢), as shown in Fig. 4. Thus, theeration of the observer gain matrix used in the model-based
DRNN is trained to estimate the stator currépt,. With the approach, which corrects statesandzy in (3) from the cur-
assumption that the actual and estimated reference framesrard estimation error. The usefulness of the current estimation
collinear, this mapping can be represented mathematically bgrrors to correct the position estimate can be demonstrated by
the transformation of (21) into the estimated reference frame,
ip (R4 pLa) =vp + Ly@eig which yields

5 . 3. .
iQ (R+pLy) =vg — Laweip — \/;)\mwe (22) |:'UD:| _ [R +pLla  —wely | |iD
vQ welg R+ qu iQ

whereip ¢ andip (, are the estimated and measured currents, 3/\
respectively, in the estimated reference frame. The output of the + g \mWe

Uq lq

sin (AB) } .

cos (Af) (24)
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various speeds and load torques are slowly introduced one at a
ABDRNN |40 time. The offline training process is completed when the training
data set consists of the entire range of operation for the motor
under consideration and the sum-squared error meets the goal.
Each of the three DRNN neural estimators was first trained
offline by using dynamic backpropagation. The neural current
A + and velocity estimators are first trained, followed by the posi-
tion estimator. The input vector to the current estimator DRNN
consists of the stator voltages and rotor angular velocity, while
the target vector is the actual stator current vector. The velocity
Fig. 5. Rotor angle estimation and correction block. estimation DRNN uses the stator voltage and current vectors as
the inputs and the actual rotor velocity as the target vector. The
osition estimation DRNN uses the rotor velocity and current
stimation errors as its inputs and the actual rotor angle as the
target. For the offline training, the actual rotor angle and velocity
were both obtained from a hollow shaft encoder temporarily at-

ep,q —

Y

D>

&

» 1is

Comparing (22) and (24) and assuming a small angular d
ferenceA#d gives

(R+pL4)ep :\/g)\mngH tached to the shaft of the PMSM.
2 For the current estimator DRNN, approximately 6500
(R+pLy)eq = — §/\m (e — @)’ (25) training iterations at a constant learning rate of .05 produced
2 the weights used to perform system simulations. Significantly

whereep andeg are the current estimation errors defined ilflewer |t§rat|ons were required by both the velocity and position
estimation DRNN.

(23).' Clearly,_frpm (25), }nformat|on regar-dmg_ the angle estl_— 2) Online Training: Much like state feedback correction is
mation error is included in the current estimation error quanti- ; . .
. . o S necessary in the model-based approach, adaptive correction of
ties, which suggests the position estimation strategy shown in . S . . )
Fig. 5. the_ I.DRN.N weights is important in the neu.ral gsumator. Online
training is performed to account for the inevitable parameter

drift associated with operating temperature fluctuations.

For the DRNN current estimator, adaptive correction is

Through experimentation, 15 neurons in the hidden recurrefthieved much like the offline training, with the exception that
layer were found to produce good results for the neural curreftimated rotor velocity is used as an input to the DRNN since
observer. This number was selected to produce fast convergeaggal velocity is not available in the real system. The velocity
and robust dynamic capturing capabilities. The outputlayer casstimator may be trained online during periods of steady-state
tains two neurons—one for each of the direct and quadratygeration. In steady state, the time derivative of the estimated
axis current estimates. rotor angle approaches the actual velocity over a sufficient

Both the velocity and position estimation DRNN use five netperiod of time. Thus, under steady-state operating conditions,
rons in the hidden layer. In both cases, the output layer consigie actual velocity determined from the estimated rotor angle
of a single neuron. The recurrent and output layers neurons @i be used to adjust the weights of the velocity estimator
each of the three DRNN estimators use a tansigmoid and linggfline. Online training of the position estimation DRNN was
transfer functions, respectively. not used, since the actual rotor angle is not available in a

sensorless system.

B. DRNN Topology for Rotor Position Observer

C. DRNN Observer Training

The goal of the DRNN training process is to minimize th
rotor position estimation error and to learn the machine dy- After the training of the DRNN, some test patterns were ap-
namics. The proposed DRNN-based system was trained in tplged to the system to evaluate the effectiveness of the training
steps: offline training in which the dynamics of the PMSM arprocess. The performance is tested under various steady-state
learned and online training where the adaptation of PMSM pand transient conditions.
rameters is achieved. Fig. 6 shows the DRNN observer performance at relatively

1) Offline Training: The offline training process starts withhigh speed with a load equal to half-rated torque. In this exper-
a random initialization of the weights in each layer. Weights amment, an initial angle estimation error of 30 electrical degrees
normalized based on the expected range at the input neuramas intentionally introduced to the system. As demonstrated in
The first set of training data consists of steady-state motorittge figure, the error is quickly corrected and the angle estima-
in each direction with a constant load, in which case the rotton error quickly approaches zero.
velocity is the constant synchronous speed. For each trainingn Fig. 7, the robustness of the system to load torque vari-
iteration, the DRNN output is compared to its target. The rations is examined. For this experiment, a fast load change is
sulting error function is then used with the dynamic backprofimposed on the system. The results of this experiment demon-
agation algorithm to adjust the weights of the DRNN. After thstrate that the proposed system performs well under such load
sum-squared error for the first set of training data converges toleanges. This is the expected result, since the neural observer
predetermined threshold, additional training data consistingisfpatterned after the model-based approach, which was shown

p. Experimental Results
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in [5] to be robust to the mechanical parameters such as load
torque.

In order to evaluate the effectiveness of the DRNN adapta-
tion process, the system was trained offline using data from a
7.5 horsepower PMSM with stator resistance and inductance of
.12 Q and 3.2 H, respectively, and a voltage constankpf=
.166 v — s/r. The system was then trained online using a 2.5
horsepower motor with stator resistance and inductance of 1.35
2 and 1.3 H, respectively, anl. = .12 v — s/r. The posi-
tion estimation performance is shown in Fig. 8 for the first on-
line training iteration. After much additional online training, the
rotor angle estimation error shown in Fig. 9 was achieved. THitg. 11.
result demonstrates the principal advantage of the neural ap-
proach—machine operation can effectively be learned withdigure shows that, despite the exaggerated error in the angular
accurate knowledge or need of machine parameters. velocity, the rotor position is still estimated with acceptable ac-

In Fig. 10, the robustness of the DRNN rotor position esteuracy for many applications.
mation technique to angular velocity estimation error is demon-Finally, Fig. 11 shows the performance of the rotor position
strated. For this experiment&b0 percent error in the estimatedestimator during a speed reversal. Here, significant error is ev-
rotor velocity was intentionally introduced to the system. Thieent around the zero speed operation where the slope of the

o

(2]

S

Est. Error (r)
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\

H H i L i
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time (s)

NN estimation accuracy for speed reversal.
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rotor angle becomes zero. This is due to the well-known un-[6]
observability of rotor angle at zero speed because of the lack
of developed stator voltage under those operating conditionsm
Sensorless operation at zero speed is known to be problematic,
and thus, startup and speed reversals are often achieved throu%r]\
alternate strategies [10]-[13] while the estimator is effectively

disabled. [9]

[10]
V. CONCLUSIONS
A neural-based observer, whose architecture is patterngg;
from the results of a model-based approach, was designed and
applied to the rotor position estimation task for the PMSM. 12]
The DRNN was selected for the neural topology due to ité
dynamic mapping characteristics, fast convergence, and ease
of implementation in real-time systems. Both the DRNNI[3!
and model-based approach have demonstrated insensitivity
to mechanical parameters such as load torque, inertia, and
friction. In addition, the DRNN approach has shown the ability
to learn the PMSM dynamics and robustness to the unavoidahy
drift and uncertainty of PMSM parameters. The advantag
demonstrated by the DRNN approach are significant in ge
eral-purpose PMSM drives, where the end user may not kn
the PMSM parameters required by a model-based approg
In cases where machine parameters, saliency characteris
and back emf waveshape are well defined, however,
model-based approach has produced superior rotor posit
estimation results in the experiments.
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