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Models From Operating Data
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Abstract—The parameters of the induction motor model vary
as operating conditions change. Accurate knowledge of these pa-
rameters and their dependency on operating conditions is critical
for optimal field oriented control. This paper presents a system-
atic approach to modeling an induction motor considering oper-
ating conditions. All parameters are assumed to vary as a function
of the operating conditions. The parameters are estimated from
transient data using a constrained optimization algorithm. The pa-
rameters are mapped to the operating conditions using polynomial
functions and artificial neural networks. The model is validated for
both steady state and transient conditions.

Index Terms—Induction motor model, operating conditions, pa-
rameter estimation, variable frequency.

NOMENCLATURE

Stator voltage (rms value).
, Voltages in stationary reference frame.
, Stator currents in stationary reference

frame.
, Stator currents in synchronous reference

frame.
, Rotor fluxes stationary reference frame.
, Stator and rotor currents (rms value).

Phase shift between voltage and current.

Stator voltage (peak value).

Stator current (peak value).
, Synchronous and mechanical frequency.

Slip.
Slip frequency (rotor current frequency).

, Magnetizing and leakage inductance.
, , Stator, rotor, and core loss resistance.

Produced electromagnetic torque.
Number of poles pairs.
Core loss resistance in parallel with

.
Rotor temperature.

I. INTRODUCTION

I NDUCTION motors are used in automotive applications,
either as stand-alone propulsion systems (electric vehicles)

or in combination with an internal combustion engine (hybrid
electric vehicles). Accurate knowledge of the induction motor
model and its parameters is critical when field orientation tech-
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niques are used. The induction motor parameters vary with the
operating conditions, as is the case with all electric motors. The
inductances tend to saturate at high flux levels and the resis-
tances tend to increase as an effect of heating and skin effect.
Temperature can have a large span of values, load can vary any-
where from no-load to full load and flux levels can change as
commanded by an efficiency optimization algorithm. It could
then be expected that the model parameters also vary consider-
ably.

Depending on the type of tests performed on the motor, the
testing methods could be classified as the following.

Off Site Methods:Test the motor separately from its applica-
tion site [3]–[9]. The motor is tested individually, in the sense
that it is not necessarily connected to the load it is going to drive
or in the industrial setup it is going to operate in. The most
common such tests are the no-load test and the locked-rotor
test. The advantage of the above methods is their simplicity.
However, these tests usually represent poorly the real operating
conditions of the machines (for example, they lack the effect of
PWM switching on the machine parameters).

On Site and Off Line Methods:These tests are performed with
the motor already connected in the industrial setup and supplied
by its power converter [2], [10]–[14]. These tests are usually
meant to allow the tuning of the controller parameters to the
unknown motor it supplies and are also known as self-commis-
sioning. As they are convenient for the controller manufacturer
(one control program could work for different motors), they usu-
ally are less precise than the individual tests.

On-line methods, in which some parameters are estimated
while the motor is running on-site [15]–[19], [22]. These
methods are concerned usually with rotor parameters (
and or the time constant, ) and assume that the other
parameters are known. These methods usually perform well
only for a good initial value of the parameter to be determined
and for relatively small variations (within 10%).

The purpose of this paper is the development of an induc-
tion motor model with parameters that modify as a function of
operating conditions. The development is on-site and off-line.
While stator resistance is measured through simple dc test, the
leakage inductance, the magnetizing inductance and the rotor
resistance are estimated from transient data using a constrained
optimization algorithm. Through a sensitivity analysis study, for
each operating condition, the parameters to which the output
error is less sensitive are eliminated. The parameters are esti-
mated under all operating conditions and mapped to them (e.g.,
analytical functions relating parameters to operating conditions
are created). A correlation analysis is used to isolate the oper-
ating conditions that have most influence on each parameter. A
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Fig. 1. Induction motor model in stationary reference frame (d-axis).

Fig. 2. Stator resistance as a function of temperature.

core loss resistance models core losses. This resistance is esti-
mated using a power approach and artificial neural networks.
No additional hardware is necessary. The authors used the same
power converter and DSP board that controls the motor in the
industrial setting to generate the signals necessary to model the
motor. Therefore, phenomenons related to operation (for ex-
ample PWM effects) are captured in modeling.

II. I NDUCTION MOTOR MODEL

Fig. 1 represents the induction motor model used in this re-
search (-axis, -axis are similar). As noted by [1], the model is
identical (without any loss of information) to the more common

-model in which the leakage inductance is separated in stator
and rotor leakage. The core loss branch is added to account for
both stator and rotor core losses.

III. PARAMETER ESTIMATION

A. Estimation of

The estimation of the stator resistance is based on a dc test.
A small positive reference (that maintains the current below its
rated value) is set between phases A–B and C–B using the power
converter. is calculated as

(1)

To capture the effect of temperature on the stator resistance,
before each test, the motor was run with a higher load. The
stator resistance test was performed immediately after the motor
stopped. The temperature of the stator winding was also mea-
sured. The temperature dependency of the stator resistance is
shown in Fig. 2.

B. Estimation of , , and

For this part of the estimation, the core loss resistance was
neglected. However, since the core loss resistance is about
100–2000 times higher than the rotor resistance, the error
introduced in the estimation of , , and is minimal.

Fig. 3. Estimation block diagram.

Transient data was used to determine, , and . The
data consisted in small disturbance at steady state by stepping
the supply voltage amplitude by 10%. The tests encompass a
wide variation of frequency, supply voltage, and load. The fre-
quency was varied from 30 Hz to 80 Hz in steps of 10 Hz.
The supply voltage was varied from 10% to 100% of the rated
voltage value in steps of 10% for each frequency. The load was
varied from no-load to maximum load in eight steps. A total of
290 data files were obtained.

The estimation was performed using a constrained optimiza-
tion method available in Matlab (“constr”). Fig. 3 shows the
block diagram of the estimation procedure.

The induction motor model can be expressed in state space
form as

(2)

(3)

where

and

The initial conditions for the model were established as

(4)

The error between model and measurements was calculated as

(5)

The constrained optimization function is used to minimize the
error function by modifying the parameter vector

(6)
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The initial values of the fluxes are not normally included in the
parameter vector since they can be calculated from the initial
conditions of the currents at steady state. However, these cur-
rents are noise corrupted and their measurement error will prop-
agate into the calculation of the initial values of the flux. Fur-
thermore, since flux equations have a large time constant, the
initial condition error would influence the flux observation over
the entire transient measurement (the self-correction of an oth-
erwise convergent flux observer [22] will not have the time to
correct the initial condition error) and will yield erroneous pa-
rameter estimates.

The authors observed that the parameter vector modification
increased the rate of convergence of the algorithm. Constraints
on , , and were imposed as 10% of the rated value for
the lower bound and 300% for the upper bound. For and

the constraints were imposed as200 of the saturation
value (0.5 Wb).

IV. SENSITIVITY ANALYSIS

Since an output error estimation method is used, there is no
theoretical guarantee that the parameters will converge to their
actual values. Therefore, it is necessary to study the effect of
each parameter on the total error. It is obvious that those param-
eters with little effect on the total error will be more prone to
estimation errors than parameters that affect it more.

At steady state, the squared error per period can be calculated
as

(7)
The sensitivity of the squared error to a parametercan be
expressed as

(8)

For the proposed model, the steady state current (complex form)
can be expressed as

(9)

and and are the module and phase angle of.
The sensitivity analysis was conducted for a slip ranging from

0 to 10% (larger values of are unobtainable at steady state)
and a frequency from 20 Hz to 100 Hz. The rated values of the
parameters were used. Fig. 4 shows a comparison of sensitivity
for , , and at 60 Hz.

It can be seen that the sensitivity of the error toor is
low at small slip. Large errors can be introduced at low slip since
their effect on the error is small. A limit of 2% on the slip was
imposed on the slip values. The and estimates below this
value are discarded. For large values of the slip the sensitivity
of the error to decreases to 0. estimates for slip values
larger than 2% were discarded.

Fig. 4. Sensitivity of error to parameters as a function of slip at 60 Hz.

TABLE I
CORRELATION BETWEENPARAMETERS AND OPERATING CONDITIONS

V. PARAMETER MAPPING TOOPERATINGCONDITIONS

Up to this point, the parameters of the motor were estimated
for various operating conditions. The purpose of this section is
to find the relation of the parameters to the operating conditions
in a form that allows for use in a control environment. However,
in order to be able to define an operating condition or to relate
(map) a parameter to a condition, a correlation analysis is nec-
essary. This establishes the “strong” and “weak” dependencies
of parameters to operating variables. The authors selected intu-
itively the variables for the correlation study as, , , and .
It could be argued that temperature is also a factor in this map-
ping. However, since the only temperature measurement avail-
able was the stator temperature (and was used for stator resis-
tance calculation) it was not used in this correlation study.

The correlation between two variables (in this case one vari-
able is a parameter and the other a operating condition vari-
able ) can be defined as

(10)

where , are the mean of and , respectively, and ,
are their standard deviations. Table I shows the results of the
correlation.

Mapping consists in expressing the parameters of the motor
as analytical functions of the operating conditions.

A. Magnetizing Inductance,

A strong correlation was observed between and .
clearly saturates with an increase in. A second order polyno-
mial was used to represent the dependency ofto in the
saturated region.

(11)

Fig. 5 shows a comparison between the polynominal and the
results of the estimation.
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Fig. 5. L as function ofI .

Fig. 6. L as function ofI .

B. Leakage Inductance,

A strong correlation was also observed betweenand .
saturates with an increase in. A linear approximation was used
to represent the dependency ofto .

(12)

Fig. 6 shows a comparison between the polynomial and the re-
sults of the estimation.

C. Rotor Resistance,

Previous research has shown that the rotor resistance varies
as a function of two factors: slip frequency (through skin effect)
and rotor temperature (unmeasurable). However, Table I shows
a correlation between and but also . The dependency is
shown in Fig. 7. The correlation is due to the fact that both slip
frequency and temperature are proportional to. The authors
observed that the correlation holds only if the motor runs
for a few minutes at a certain operating condition, to allow for
temperature to reach a steady state.

A sudden variation in would not determine a sudden
change in if slip frequency remains constant since tempera-
ture does not change as fast. Therefore, the relation can
only be used at steady state. In order to establish the influence
of slip frequency on , a test similar to a locked rotor was
used. The difference consists was that the rotor was not me-
chanically locked, but the voltages were small enough that the
rotor would not move. The frequency was varied between 5 Hz
and 120 Hz (1 Hz increments in the 5–10 Hz region and 10 Hz
increments for the rest). Prior to each series of tests, the motor
was run under a loading condition (no-load, medium load, and
full load) to assure heating of the rotor.

Fig. 7. R as function ofI .

Fig. 8. Rotor resistance as function of! for different temperatures.

A temperature sensor was mounted on the stator. This sensor
was used for an indication when temperature has reached a
steady state (for each loading condition). Fig. 8 shows the
results of the estimation as a function of slip frequency (for
locked rotor, equal to stator frequency).

Since rotor temperature measurements are hardly possible, a
precise off-line mapping of rotor resistance to operating condi-
tions is impossible. However, the linearity relation (within the
range of interest) between rotor resistance and slip frequency
can be used for calculation. An on-line observer was devel-
oped (see Appendix). The observer is based on the assumptions
that the rotor temperature varies much slower than the other vari-
ables (current, speed, etc.) and that steady state operating con-
ditions exist (e.g., the motor is not in continuous transient). The
rotor resistance dependency to slip frequency and rotor temper-
ature can be expressed as

(13)

in which is the influence of temperature (unknown).
The coefficient (influence of slip frequency) was estimated

off line from the locked rotor tests measurements. At each oper-
ating condition (steady state), the values of the rotor resistance
and of the slip frequency are estimated with the observer. Then
for each loading condition (temperature)

(14)

Assuming that temperature changes slowly, at each instant of
time, knowing the slip frequency allows for the determination of
rotor resistance. Each time a steady state condition is detected,

is reevaluated and rotor resistance calculated as function
of slip frequency. It can be argued that since rotor resistance is
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Fig. 9. Rotor power losses for no-load test.

estimated, there is no need in determining . This is true
while the motor operates at steady state. However, for efficiency
optimization it is important to predict the variation of rotor re-
sistance prior to a new steady state condition.

VI. CORE LOSSESTIMATION

The disparity in values of rotor resistance and core loss resis-
tance makes the simultaneous estimation of both close to impos-
sible using a constrained optimization method. That is because
the core loss resistance has a much smaller effect on the model
output than the rotor resistance (i.e., a smaller sensitivity). One
should also note that since the slip is nonzero for the no-load
test and is already known, could be theoretically calcu-
lated from at steady-state. However, even for most precise
speed encoders, the error in calculating a slip approaching zero
could translate in an order of magnitude of error when calcu-
lating .

The authors used a power-based approach for calculating the
core resistance. The procedure is shown in the following.

A. Calculate Rotor Losses at Frequencies of Interest

Use the no-load tests and calculate the rotor power losses for
each data set

(15)

A plot of these losses is shown in Fig. 9 for various frequencies.
The losses increase with both the frequency and the rotor flux.

B. Calculate Friction and Windage Losses

Since core losses are zero when flux is zero, the intersection
of the power curves with the vertical axis determines the friction
and windage losses for a specific frequency. To find the fric-
tion and windage losses for all frequencies, an ANN was used
to map the rotor losses to frequency and flux. More details on
using ANN for mapping can be found in [3]. The mathematical
relationship between the input and output patterns can be de-
scribed as

(16)

where is a nonlinear neural network mapping to be estab-
lished. The ANN used in this study consists of two processing
elements in the input layer. A single processing element in
the output layer corresponds to the losses being modeled. The
number of elements in the hidden layer is arbitrarily chosen

Fig. 10. Mapping of rotor losses using ANN.

depending on the complexity of the mapping to be learned. A
hyperbolic tangent transfer function is used in all hidden
layer elements, while all elements in the input layer and output
layer have linear (1:1) transformations. The back-propagation
algorithm is used to train the neural network such that the
sum squared error between actual network outputs and
corresponding desired outputsis minimized over all training
patterns .

After estimating the nonlinear mapping of (16) in terms
of the neural network, the network output is com-
puted from the 2 1 input vector according to the following
equation:

(17)

denotes the matrix of connecting weights from the hidden
layer to the output layer. is the weight matrix from the
input-layer to the hidden-layer. Bias terms and are used
as connection weights from an input with a constant value of
one. The training patterns for the neural network models are
composed of the no-load test data. Each data set is a vector of

, , and . The results of the mapping are shown in
Fig. 10. Friction and windage losses can be calculated for ANN
at zero flux. A deterministic approach could have been used for
determining windage and friction losses. However, such an ap-
proach would have required the use of a dynamometer to isolate
windage and friction losses (they are a part of the total rotor
losses). Furthermore, since an ANN model for total rotor losses
was already developed, calculating windage and friction losses
was seamless.

C. Calculate Core Losses

Core losses for each frequency and flux can be determined by
subtracting the friction and windage losses and from the rotor
losses (resistive rotor losses can be neglected at small slip).

(18)

where (19)

D. Calculate Core Resistance

For each data point, calculate the core loss resistance (see
Fig. 1) as

(20)
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Fig. 11. Rotor core loss as function of flux and frequency.

Fig. 12. Experimental setup.

TABLE II
INDUCTION MOTOR PARAMETERS (RATED)

Map the core loss resistance to flux and frequency using ANN.
The procedure is similar to the rotor loss mapping. Fig. 11
presents the results of the mapping.

VII. EXPERIMENTAL SETUP

The experimental setup used in this research is shown in
Fig. 12. The induction motor is 3 phase, 4 pole, 5 Hp, 1750
rpm 220 V squirrel cage. The rated parameters of the motor are
shown in Table II.

The load is a 5 Hp synchronous generator supplying a
variable resistor box. A variable dc power supply controls the
excitation of the synchronous generator. The power converter is
rated at 400 V/30 A and can switch at 20 kHz. A dual processor
(TMS320C31 Master and TMS320P14 Slave) DSP board is
used both for control and data acquisition. In order to avoid
aliasing, the measured voltage is passed through a low pass
filter prior to being acquired. The synchronous generator can
be controlled simultaneously with the motor using the DSP
board. The control is realized through the excitation voltage.
The PWM cycle is 240 s and the data acquisition sampling
time is 60 s. These values were chosen to accommodate the
control algorithm and analytical model computation. Except for
the ANN part, the analytical model is not very computational

Fig. 13. Measured and calculated input power.

Fig. 14. Estimation validation for 30 Hz test.

intense. The ANN part could not be implemented online
with the TMS320C31 (it would have required a considerable
increase in the control loop that would make the overall control
scheme worse than without it). The authors expect that with the
continuous increase in processing power of DSPs this will not
be a problem in the future.

VIII. M ODEL VALIDATION

A. Steady State-Power Input

In order to validate the model at steady state, the authors used
tests encompassing the entire range of operation of the induction
motor. The frequency of the motor was varied from 30 to 70
Hz. The supply voltage was varied from 10% to 100% of rated.
For each voltage and frequency entry, the load was varied from
zero to maximum value. For all data sets, input power was mea-
sured and compared to the input power calculated using mea-
sured voltage and speed and the model. Fig. 13 shows the results
of the comparison.

B. Dynamic

The model was used to predict the transient performance.
Each test consisted in a large voltage step (20%) applied while
the motor was running at steady state. Tests were conducted at
various frequencies and voltages and loads. Figs. 14–16 present
examples of the results in terms of the synchronously rotating
reference frame currents. A second type of test consisted in
transient behavior when starting the motor. The start-up cur-
rents (measured and simulated) are shown in the Fig. 17 in
synchronous reference frame. For comparison, the simulation
where constant parameters (rated values) are used is shown in
Fig. 18.
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Fig. 15. Estimation validation for 60 Hz test.

Fig. 16. Estimation validation for 90 Hz test.

Fig. 17. Transient response for start-up from zero speed.

Fig. 18. Transient response for start-up from zero speed with rated fixed
parameters.

IX. CONCLUSION

A systematic procedure for induction motor modeling was
developed in this paper. The model includes the effects of induc-
tance saturation (both for magnetizing and leakage inductance)
and the effects of the core losses. It is also shown that there is
a variation of rotor resistance as a function of slip frequency.
The leakage inductance, magnetizing inductance and rotor re-
sistance are estimated from transient data information using a
constrained optimization method.

Sensitivity analysis is employed to show that error sensi-
tivity to parameters varies as a function of slip. The analysis
eliminates parameters with that yield low sensitivity. Analytical
functions are used to map the parameters to operating condi-
tions. Since rotor resistance depends on temperature and slip
frequency and the former is not measurable, an on-line rotor
resistance observer was developed. Core losses are estimated
using a power approach. ANN are used to map the total rotor
losses (iron losses, friction, and windage losses) to flux and
frequency. The core losses are obtained by subtracting the rotor
losses at zero flux (generated by the ANN) from the rotor loss
surface. The model is validated using tests covering various
operating conditions. Since efficiency optimization is sought
with this model, the model is shown to correctly predict the
power input of the motor. For dynamic validation, input voltage
disturbance tests and start-from-zero tests were employed. The
model correctly predicted both tests.

APPENDIX

ROTOR RESISTANCEOBSERVER

The motor is operating at steady state.

a) Determine the supply frequency from current zero
crossing.

b) Calculate slip frequency and slip as: ,
continue if slip is larger than 2%.

c) Filter currents with digital filter similar to the hardware
based filter for voltages (see Section VIII) to account for
the delay in voltage signals.

d) Transform the variables into– stationary reference
frame and calculate the instantaneous values ofand

e) Calculate and assuming and are
reference phasors: , .

f) The voltage expression (-axis) can be written as

where ,
Initialize

g) Recursively estimate using least squares

Calculate
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Calculate rotor resistance
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