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Abstract— Induction motors (IM) are an integral part of var-
ious industrial applications due to their durability, reliability,
and efficiency. Therefore, accurate speed observation of these
motors is essential for optimizing performance, operational
safety, and increased energy efficiency. This paper presents an
experimental comparison of two-speed observation techniques
such as the Adaptive Luenberger Observer (ALO) and the
Model Reference Adaptive System (MRAS). The experimental
setup includes a high-voltage platform for the motor speed
controller and actual speed, voltage, and current measurements.
At different motor speeds, measurements are taken to analyze
and evaluate the accuracy and performance of each method.
The results show small variations in the performance of these
techniques and minor deviations from the the measured motor
speed. This comparative analysis provides valuable insights into
choosing the appropriate speed observation method for specific
applications. A thorough conclusion is provided, discussing the
advantages and disadvantages of each technique.

I. INTRODUCTION

Driven by the need to eliminate the problems related to
speed sensors such as minimizing maintenance requirements,
reducing costs, and improving reliability, various observers
for IM have been analyzed and discussed in the Scientific
Literature. Various observer techniques are explained in dif-
ferent papers that are widely recognized for their universality
and versatility. These methods are mainly based on the
IM model expressed in the αβ or the dq reference frame.
Increasing the sensorless control performance of the IM has
special attention due to the higher utilization in different
industrial sectors. The control performance is directly de-
pendent on the performance of the estimation algorithm. On
the other hand, the performance of the estimation algorithm
is directly dependent on the electrical parameters of IM,
especially in the stator and rotor resistances [1]. These are
dependent on the temperature and frequency, which affect the
estimation algorithm performance. Different speed observers
like ALO and MRS contain a speed adaptation mechanism
[1] which is derived using the state-error equations and the
Lyapunov stability theorem. The estimated speed depends
on the accuracy of IM parameters, especially stator and rotor
resistance, and an adaptive estimation method of stator resis-
tance is used to eliminate its influence. Different Luenberger
observers are discussed and analyzed in the literature [2]
- [7]. Luenberger’s methods proposed in these papers have
gained attention due to their accuracy in estimating the state
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of IM in dynamic and steady states, where estimated states
are used in sensorless control applications. The flexibility of
Luenberger observers allows them to be easily implemented
into IM, making the observer the most used to estimate the
IM states. Their easy implementation and ability to provide
a correct state estimation, especially the rotor speed, make
the Luenberger observer one useful alternative for sensorless
IM control. The Luenberger observer usually operates in
the dq reference frame [2], [4], and [5] with an adaptive
mechanism to estimate the rotor speed of IM. However,
other papers such as [3] apply the αβ reference frame for
IM speed estimation. The work in [6] presents a method to
choose the proportional coefficient between the eigenvalues
to the IM and Luenberger observer to ensure stability in
both IM and regeneration mode running. The paper [7]
presents a method that uses a state observer based on the
Lyapunov function for deterministic evaluation of the states,
with its effectiveness proven experimentally. An alternative
to ALO are the MRAS algorithms, proposed in different
works, [8]-[16]. One main advantage of MRAS algorithms is
the wide range of speeds they can perform. Different papers
highlight the fact that the MRAS algorithm is an effective
method to estimate rotor speed due to dynamic and static
performance, stability, and simplicity. Methods in [9] and
[12] describe the MRAS algorithm on dq reference frame
where the [9] explains the torque model reference adaptive
schemes (TMRAS) to improve the performance on low speed
and solve the problems of pure integrator, and on [12] is
presented the MRAS algorithm as a classical solution. Other
works, [14] and [16], propose a Neural Network (NN) as an
adaptive model on the MRAS algorithm. In [13] a classical
MRAS algorithm is presented where the pure integrator is
replaced with a low-pass filter to improve the performance on
low speed, and in [8] an MRAS for IM using instantaneous
reactive power is proposed where the poor performance
due to pure integrator and stator resistance is highlighted.
Different MRAS models like rotor flux-based MRAS, and
back e.m.f-based MRAS, have been proposed and compared
on [15], where advantages and disadvantages are highlighted.
An MRAS estimator has been proposed on [11] where
the rotor position is calculated by a special algorithm that
eliminates the PI controller of the adaptation mechanism,
and in [10] where the adaptation algorithm is modified, and
a new adaptation algorithm different from classical solutions
is introduced.

The paper is structured as follows: Section II provides the
IM model. Section III introduces the ALO, while Section
IV introduces the MRAS observer. In section V, the results



of the experimental comparison are presented and analyzed.
The paper ends with conclusions in Section VI.

II. INDUCTION MOTOR MODEL
Various mathematical models are used to estimate the

rotor speed of an IM. The adaptive Luenberger observer
is applied to the IM’s state space and velocity model. The
MRAS observer is built on the reference model and adaptive
model of the IM, where the states of the reference model
are compared with the states of the adaptive model, and
the difference between states is used by the adaptation
mechanism.

A. State space model of IM
The model is expressed on the stator fixed reference frame

(αβ) by assuming the stator currents and rotor fluxes as state
variables. The state-space representation of the IM is given
by:

dX(t)

dt
= AX(t) +BU(t)

Y (t) = CX(t),
(1)

where X , U , and Y are the state vector, the input vector, and
the output vector, respectively. A is the system matrix, B is
the input matrix, and C is the output matrix. Furthermore,
isα and isβ are stator currents, ψrα and ψrβ are rotor fluxes,
and usα and usβ are stator voltages, all in the αβ reference
frame.

X =
[
isα isβ ψrα ψrβ

]t
, U =

[
usα usβ

]t
, Y =

[
isα isβ

]t
A =


α11 0 α12 −α13ωr
0 α11 α13ωr α12

α21 0 α22 −α23ωr
0 α21 α23ωr α22

 , B =


β 0
0 β
0 0
0 0


C =

[
1 0 0 0
0 1 0 0

]
.

The parameters of matrices A and B are the following.

α11 = −
(

1

στs
+

1− σ

σ
· 1

τr

)
, α12 =

Lm
σLsLr

· 1

τr

α13 = − Lm
σLsLr

, α21 =
Lm
τr
, α22 = − 1

τr
, α23 = 1

τr =
Lr
Rr

, τs =
Ls
Rs

, σ = 1− L2
m

LsLr
, β =

1

σLs
where, Rs and Rr represent the stator and rotor resistance,
Ls and Lr are the respective stator and rotor inductance, τs
and τr are the stator and rotor time constants, Lm is the
mutual inductance, σ is the leakage or coupling factor.

B. MRAS model of IM
Reference model

MRAS-based algorithms use a reference model of the
IM, formed from two models: the voltage model (stator
model) and the current model (rotor model). For high speed,
the voltage model is utilized whereas the current model is
designed for low-speed operations. The reference model uses
a PI controller to provide a smooth transition between the
outputs of the two models.

Voltage model
The voltage model is represented in the stator reference

frame (αβ), from which the stator flux and the rotor flux
without a speed signal are estimated.

ψ⃗sαβ =

∫ [
u⃗sαβ −Rs⃗isαβ

]
dt

ψ⃗rαβ =
Lr
Lm

[
ψ⃗sαβ − σLs⃗isαβ

]
,

(2)

where ψ⃗sαβ = ψsα + jψsβ (ψ⃗sαβ is the stator flux vector
in the αβ reference frame), ψ⃗rαβ = ψrα + jψrβ , u⃗sαβ =
usα + jusβ , and i⃗sαβ = isα + jisβ .

Current model
The current model is based on the differential equations of

the rotor. Model (3) is expressed in the dq rotating reference
frame, where the dq frame rotates at the rotor speed ωr.

dψ⃗rdq
dt

= − 1

τr
ψ⃗rdq +

Lm
τr
i⃗sdq, (3)

where ψ⃗rdq = ψrd + jψrq , and i⃗sdq = isd + jisq (ψ⃗rdq
and i⃗sdq are defined as rotor flux and stator current vectors,
respectively, in the dq reference frame).

Adaptive model
The adaptive MRAS model from which the adjustable

rotor flux is provided is given by the equation (4):

dψ⃗rαβ
dt

=
Lm
τr
i⃗sαβ +

[
jωr −

1

τr

]
ψ⃗rαβ . (4)

The reference and adaptive models of MRAS are com-
pared to generate an error flux used as input of a PI controller
to adjust the rotor speed ωr.

III. ADAPTIVE LUENBERGER OBSERVER
The Luenberger observer is very useful in control systems,

as it estimates states of an observable system when it is
impossible to measure these states and enhances the system
control. The observer gain matrix L is crucial, directly
affecting the stability and accuracy of system state estimates
and control performance. The proper design of the matrix L
ensures that the state of the system is effective and accurate.

Discrete model
The implementation of the Luenberger observer requires

the discretization of machine equations. The discrete equa-
tions can be obtained from equation (1).

X(k + 1) = AdX(k) +BdU(k)

Y (k) = CdX(k),
(5)

where X(k) is the state vector at step k, U(k) is the input
vector at step k, and Y (k) is the output vector at step k. The
discretized matrices, the system matrix Ad, the input matrix
Bd, and the output matrix Cd using the Euler methods are:

Ad =


α11Ts + 1 0 α12Ts −α13ωrTs

0 α11Ts + 1 α13ωrTs α12Ts
α21Ts 0 α22Ts + 1 −α23ωrTs
0 α21Ts α23ωrTs α22Ts + 1





Bd =


βTs 0
0 βTs
0 0
0 0

 Cd =

[
1 0 0 0
0 1 0 0

]
,

where Ts is the sampling time.

Observer design

The overall architecture of the adaptive Luenberger ob-
server is shown in Fig. 1, where the adaptation mechanism
calculates the rotor speed. The ALO estimates the state
vector X̂(k) of an observable system using the discrete
equations (6).

X̂(k + 1) = AdX̂(k) +BdU(k) + Ld

[
Y (k)− Ŷ (k)

]
Ŷ (k) = CdX̂(k),

(6)

where, X̂(k) is the estimated state vector at step k, Ŷ (k) is
the estimated output vector at step k, and Ld is the discretized
observer gain matrix. The rotor speed is evaluated by the
adaptation mechanism [1] where the PI controller calculates
the speed based on input error. The adaptation mechanism
is designed to achieve system stability by using the state
error dynamic equations and Lyapunov’s stability theorem.
The following equation (7) represents the dynamics of the
estimation error:

e(k + 1) = [Ad − LdCd)]e(k), (7)

where e(k) represents the error vector at step k.
The observer error converges to zero if equation (7) is

stable, therefore if the eigenvalues of (Ad − LdCd) are
within the unit circle. The value of Ld should be such that
the transient response of the observer must be faster than the
controlled closed-loop response to yield a rapidly updated
estimate of the state vector. The gain matrix Ld is chosen to
minimize the estimation error during the dynamic and static
regions. One approach to achieving this is calculating the
coefficient of Ld proposed by [1].

Speed adaptation law

The adaptation mechanism estimates the rotor speed ωr
by taking the estimated rotor fluxes ψrα, ψrβ from ALO and
output errors (eisα = isα − îsα and eisβ = isβ − îsβ) [1].
The PI controller error can be calculated by combining the
estimated fluxes and output errors by equation (8):

ê = eisαψ̂rβ − eisβ .ψ̂rα. (8)

Based on the error expression (8) the rotor speed ω̂r is
estimated with the help of a PI controller [1].

ω̂r = KP ê+KI

∫
ê dt. (9)

The discrete equation of the rotor speed expression (9) is
obtained using Euler’s method.

ω̂r(k) = ω̂r(k− 1)+KP [ê(k)− ê(k − 1)]+KiTsê(k− 1).
(10)
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Fig. 1. Structure of adaptive Luenberger observer.

IV. MRAS OBSERVER

The MRAS observer for an IM uses two independent
models (Reference model and Adaptive model) to estimate
the same variable based on the same inputs. The rotor speed
ω̂r is estimated by adaptation block such as [1] and [13].

Reference model

The reference model structure Fig. 2 is built based on
equations (2) and (3), which are two different mathematical
models that calculate the same state variables [13]. Below the
Fig. 2 illustrates the reference model that calculates the rotor
flux ψ⃗rαβ and angle position θrαβ from the measurement
signals u⃗rαβ and i⃗rαβ . The reference model includes the
voltage model for high-speed operations and the current
model for low-speed operations [13].

𝜓   𝑟𝛼𝛽  

𝜓  𝑟𝛼𝛽
′  

𝑒−𝑗𝜃
 
𝜓𝑟  𝑒 𝑗𝜃

 
𝜓𝑟  

𝐿𝑚
𝜏𝑟 ∙ 𝑠 + 1

 

Current Model

𝜎𝐿𝑠  

Voltage Model

𝑅𝑠  

𝜏

𝜏 ∙ 𝑠 + 1
 

𝐿𝑚
𝐿𝑟

 𝑡𝑎𝑛−1  
𝜓 𝑟𝛽

𝜓 𝑟𝛼
  

𝜃 𝜓𝑟  

PI controller

𝑖  𝑠𝛼𝛽  

𝑢  𝑠𝛼𝛽  

– 

– – 

+

+

– +

𝑖  𝑠𝑑𝑞  𝜓   𝑟𝑑𝑞  

𝑈𝑐𝑚𝑝  

Fig. 2. Structure of reference model

A PI controller is used to compensate for the mismatch in
estimation between the two models. The voltage model (2)



that calculates the rotor flux without a speed signal contains
a pure integrator, which brings poor performance at low-
speed operations [1], [8] and [9]. The pure integration is
approximated by a low-pass filter to avoid issues related to
pure integration and performance and is given by (11):

1

s
≈ τ

τs+ 1
, τ = 1/2πf, f = 0.5Hz. (11)

Fig. 2 compares the rotor flux from the current model with
the rotor flux of the voltage model and produces a flux
error, which is an input for a PI controller. The PI controller
produces a compensated voltage based on the flux error to
achieve a smooth transition between models.

Speed observer

Fig. 3 shows the adaptive model by which the rotor flux
is adjusted due to rotor speed.
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Fig. 3. Structure of MRAS speed observer

The MRAS speed observer uses an adaptation mechanism
that incorporates the rotor flux error by comparing the output
of the models and the PI controller to calculate the rotor
speed ω̂r. The output of the adaptive model is represented
in the stator reference frame (αβ) and is compared with the
output of the reference model to produce flux error. The flux
error is expressed by equation (12).

êψ =
⃗̂
ψRrαβ × ⃗̂

ψArαβ = ψ̂Rrαψ̂
A
rβ − ψ̂Rrβψ̂

A
rα. (12)

The rotor flux error êψ for the PI controller is determined
by the cross-product of output fluxes from reference and
adaptive models. The PI controller is part of the adaptation
block which calculates the rotor speed (13) as its output
based on the minimization of its input flux error.

ω̂r = KP êψ +KI

∫
êψ dt. (13)

The discrete equation of the rotor speed expression (13) is
given by equation (14).

ω̂r(k) = ω̂r(k−1)+KP [êψ(k)− êψ(k − 1)]+KiTsêψ(k−1).
(14)

V. EXPERIMENTAL COMPARISON RESULTS

Here the two algorithms are compared on an experimental
setup. The experiments for both methods ALO and MRAS
are realized on identical conditions. To verify the perfor-
mance of these methods, the estimated speeds are compared
with the actual measured speed for IM. Also, the speed
estimation error is calculated as a difference between the
measured and estimated speed (∆ω = ωr − ω̂r). The speed
error is used as a performance indicator on both the transient
and steady-state of the rotor speed. The speed error is used
to identify which observer performs better in different condi-
tions, highlighting strengths and weaknesses in their ability
to estimate speed accurately. Also, a comparison in terms
of Root Mean Square Error (RMSE) is treated to determine
the differences between observed values and actual values.
The RMSE is calculated for various speed references ranging
from 25 rad/s to 90 rad/s, providing significant information
in terms of speed estimation accuracy for different speed
operations. The rated values and parameters of the IM used
in the experiments are presented in the following tables.

The rated values of the IM

P
[kW]

U
[V]

I
[A]

n
[rpm]

T
[Nm]

pp

0.55 220 1.8 870 6.04 3

The parameters of the IM

Rs
[Ω]

Rr
[Ω]

Ls
[H]

Lr
[H]

Lm
[H]

JT
[kg.m2]

Tm
[s]

12.98 14.17 0.655 0.655 0.61 0.0021 0.654

In the case of ALO, the rotor speed estimate will converge
quickly if the Ki is sufficiently large and Kp is relatively
small. In our experimental results, the coefficients are Ki =
6910 and Kp = 5. Increasing the Kp will result in speed
fluctuation and increase transient and steady-state error. For
the MRAS if the Kp and Ki are sufficiently large the rotor
speed estimate will converge quickly. In our experimental
results, the coefficients are Ki = 11570 and Kp = 33655.

A. No load test

Fig. 4 shows the measured voltage and current in the αβ
reference frame during the no-load test. In Fig. 4 the transi-
tion phase is observed from 0 to 0.4 s, clearly illustrating the
current diagram where the current arrives at the maximum
of 1 A and the voltage reaching a maximum of 100 V. After
this transition the steady state occurs approximately at 0.25
s where the current is 0.5 A and the voltage at 90 V. After
the steady period, another transition occurs, which start at
0.65 s and ends at 0.8 s approximately where the maximum
current is 0.65 A.

Fig. 5 shows the results of the no-load test, in which the
speeds from the ALO and MRAS algorithms are compared
to the real measurement speed ωr, as well as the speed error
between observers and real speed.
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Fig. 4. Voltage and current curves during the no-load test.

In the initial phase from 0 to 0.4 s, the speed is increased
from 0 to 84 rad/s. After that, the speed remains constant for
approximately at 0.2 s at 84 rad/s, and this is followed by
the final phase where the speed is decreased from 84 rad/s
to 40 rad/s.
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Fig. 5. Speed and error curves during the no-load test.

Transient Performance: In the transient phase, the MRAS
shows better performance compared to ALO, this is easily
evident because the error speed of MRAS is smaller than the
ALO. The MRAS demonstrates a better transient response,
adapts more effectively, and has more precision in tracking
the real speed ωr.
Steady State Performance: Both methods demonstrate similar
performance in steady state. This suggests that the MRAS
and ALO observers offer the same performance in maintain-
ing accuracy when the speed is stable.

Fig. 6 shows the RMSE plot where the MRAS performs
better compared to ALO for a speed range between 25 rad/s
to 90 rad/s. The small RMSE values in this range for MRAS
compared to ALO indicate that MRAS has a more accurate
speed estimation than ALO.
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Fig. 6. Performance in terms of RMSE

B. Load test

Fig. 7 shows the measured voltage and current in the αβ
reference frame during the load test. In Fig. 7 the transition
phase is shown from 0 to approximately 0.3 s, during which
the voltage arrives at the maximum of 170 V and the current
arrives at the maximum of 1.9 A. Following this transition,
the steady state is presented at approximately 0.3 s where the
current is 1.5 A and the voltage at 170 V. After the steady
period, another transition occurs, which starts at 0.6 s and
ends at 0.77 s, where the current starts to decrease and arrives
a minimum of 1 A and at the end of transition achieves a
new state with 1.45 A and a voltage of 110 V.
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Fig. 7. Voltage and current curves during the load test.

Fig. 8 shows the results with load test, where the speeds
from the ALO and MRAS algorithms are compared with real
measurement speed ωr, as well as the speed error between
observers and real speed. In the initial phase from 0 to 0.4
s, the speed is increased from 0 to 73 rad/s. After that, the
speed remains constant at 73 rad/s for approximately 0.2 s.
This is followed by the final phase where the time is greater
than 0.6 s and the speed decreases from 73 rad/s to 40 rad/s.
Transient Performance: Both the MRAS and ALO show
similar performance in terms of oscillations, stability, and
accuracy. The oscillations show that the two methods have
comparable performance in speed variations and almost the
same speed accuracy. The similarities suggest that both
observers perform equally well during dynamic conditions,
maintaining stability and robustness even under rapidly



changing operating scenarios. These results demonstrate their
suitability for sensorless control applications where robust-
ness and accuracy are essential.
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Fig. 8. Speed and error curves during the load test.

Steady State Performance: Both methods show compara-
ble performance in the steady state, with the speed error
being quite identical. However, the error amplitude for ALO
is slightly greater than that of MRAS. This shows that both
observers are effective in the stable state, but MRAS offers
a slightly narrower error range.

Fig. 9 presents the RMSE plot in which both MRAS and
ALO perform with a little difference in RMSE values across
the speed range of 25 rad/s to 90 rad/s.
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Fig. 9. Performance in terms of RMSE

The small difference in RMSE values indicates that the
MRAS and ALO offer similar accuracy within this speed
range.

VI. CONCLUSION

This paper introduces a comparison of two speed ob-
servers used for IM, such as MRAS and ALO. It presents
a comparison of real speed with observed speeds with no-
load and load tests and highlights the performance of each
observer. The analysis is focused on the speed error by
calculating the RMSE and highlighting the observer perfor-
mance. The implementation of the ALO algorithm is slightly
more complicated compared to the implementation of the
MRAS algorithm. The MRAS has fewer parameters to tune
compared to ALO where both methods need to tune the

adaptation mechanism. The no-load test demonstrates that
the MRAS is more accurate compared to ALO. In the load
test experiment, the MRAS and ALO have comparable per-
formance in terms of accuracy and tracking. The experiments
demonstrate a clear difference between the no-load and load
RMSE values. Especially, the RMSE of MRAS increases in
no-load compared to load tests, whereas the RMSE for ALO
remains almost the same.
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