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Abstract: Induction motors (IMs) must meet high reliability and safety standards in mission-critical
applications, such as electric vehicles (EVs), where sensorless control strategies are fundamental.
However, sensorless rotor speed estimation demands improvements to overcome filtering distortions,
tuning complexities, and sensitivity to IM model mismatch. Algebraic methods offer inherent
filtering capabilities and design flexibility to address these challenges without introducing additional
dynamics into the control system. The objective of this paper is to provide an algebraic estimation
strategy that yields an accurate rotor speed estimate for sensorless IM control. The strategy includes
an algebraic estimator with single-parameter tuning and inherent filtering action. We propose an EV
case study to experimentally evaluate and compare its performance with a typical drive cycle and a
dynamic torque load that emulates a small-scale EV power train. The algebraic estimator exhibited
a signal-to-noise ratio (SNR) of 43 dB. The closed-loop experiment for the EV case study showed
average tracking errors below 1 rad/s and similar performance compared to a well-known sensorless
strategy. Our results show that the proposed algebraic estimation strategy works effectively in a
nominal speed range for a practical IM sensorless application. The algebraic estimator only requires
single-parameter tuning and potentially facilitates IM model updates using a resetting scheme.

Keywords: algebraic state estimation; electric vehicles; induction motors; rotor speed estimation;
sensorless control

1. Introduction

Induction motors (IMs) demand continuous improvement in reliability and safety in
various industries, including automotive, manufacturing, and renewable energy. In electric
vehicle (EV) systems, for example, IMs have been used as mission-critical components with
historical advantages in cost-effectiveness, reduced maintenance, and high-performance
efficiency [1]. However, IM controllers are vulnerable to mechanical speed sensor faults,
leading to potentially hazardous conditions. Sensorless control techniques have become in-
dispensable tools for ensuring redundancy and fault tolerance, offering a viable alternative
that complies with stringent reliability and safety standards [2].

Research on sensorless techniques for IMs is an active topic with contributions that
aim to alleviate persistent challenges and develop innovative schemes [3]. Compared to
signal injection alternatives, model-based speed estimation methods have shown advan-
tages and multiple perspectives with increasing development [4]. Remarkable examples
of model-based techniques include model reference adaptive systems (MRASs) in [5,6],
adaptive flux observers (AFOs) in [7], extended Kalman filters (EKFs) in [8], sliding mode
observers (SMOs) in [9], full or reduced-order state observers (SOs) in [10,11], artificial
neural networks (ANNs) in [12], and specialized stator flux estimators in [13,14].
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Between the different approaches, there is a joint effort to face the multiple challenges
of sensorless control and speed estimation. Problems include low/zero speed operation,
tuning complexities, and IM model sensitivities. For closed-loop techniques, such as
MRASs, there are also stability concerns [5], training requirements [12], and computational
complexities [8]. For open-loop techniques, such as flux estimators, filtering stages affect
estimator performance and floating-point overflow when performing numerical integra-
tion [10,11]. However, there is an unexplored potential in the adaptation of an algebraic
methodology for the rotor speed estimation problem in sensorless IM control.

Algebraic methods have shown beneficial properties in developing an open-loop alterna-
tive for speed estimation. Since their theoretical foundation in works including [15,16], further
developments and experimental results have shown advantages in design flexibility, inherent fil-
tering capabilities, and high performance for state estimations. For example, a robust framework
for an extensive range of applications, especially estimation problems in control, is presented
in [17]. It has been used successfully to identify the parameters of the IM model in [18] and to
estimate disturbances in [19].

Some notable strengths of the algebraic framework in [17] include design flexibility,
faster estimations, statistically independent noise treatment schemes, and reinitialization
techniques to manage integral overflow. Some challenges include computational com-
plexities and the disconnection from classical asymptotic convergence, Lyapunov stability
theory, and classical observability. However, the major technological breakthrough on the
available processors and non-standard analysis with numerical indices provide tools to
overcome those obstacles. Therefore, it is a technique that can face some challenges of the
IM rotor speed estimation problem.

This paper aims to provide an algebraic estimation strategy that yields an accurate
rotor speed estimate for sensorless IM control. Our proposal is described in three major
components. First, we develop an algebraic estimator with single-parameter tuning and
inherent filtering action that adapts the concepts and techniques in [17,19]; see Section 2. An
equation is derived from a classical IM model to obtain a relation between the available data
(voltage/current measurements and model parameters) and the unknown data (rotor speed
and rotor-flux initial conditions). The rotor speed is locally approximated to a constant
considering sufficiently short time intervals defined with sliding-window integrals. An
algebraic pseudoinverse-like procedure is proposed to update that local approximation
continuously, hence providing an algebraic estimate for the IM rotor speed.

Second, the analysis and tools required to deal with critical experimental conditions for
our algebraic estimation strategy are presented. We introduce a current derivative estimator
in Section 2.1.3 to simplify the algebraic estimator structure and reduce the adverse effects
of filters. Later, in Section 2.1.5, a numerical condition analysis sets clear guidelines for
the practical selection of sliding-window widths. We use QR factorization to provide nu-
merically stable inverse matrix calculations on a microprocessor. Lastly, in Section 2.2, our
proposal includes an integral resetting scheme to eliminate floating-point overflow prob-
lems and potentially facilitate integration with online IM model adaptation mechanisms.

Third, the experimental evaluation of our algebraic speed estimation strategy with an
electric vehicle case study is introduced in Section 3. Control and estimation algorithms
are implemented using real-time simulation techniques. We performed tests in a closed-
loop IM drive control system using a laboratory setup to emulate a small-scale EV power
train. So, the experiments use typical EV load torque and speed conditions with the Urban
Dynamometer Driving Schedule (UDDS) of the Environmental Protection Agency of the
United States (EPA).

Therefore, the main contribution of this article is the development of a rotor speed alge-
braic estimation strategy considering key practical implementation requirements for sensorless
IM control. Our proposal differs from classical algebraic approaches in [17,19], combining a
derivative estimator, sliding-window integrals, and a resetting scheme to achieve a simpler
and more robust structure. The strategy only requires tuning one additional parameter, the
sliding-window width. This parameter is directly related to the performance/filtering speci-
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fications, and our experiments confirmed that it can be adjusted to obtain estimations with
an SNR of 43 dB. Using the resetting scheme in Section 2.2, the estimator design is flexible
and easier to integrate with flux estimators, control strategies, and parameter adaptation
mechanisms. We provide detailed procedures and results for a small-scale electric vehicle
case study in Section 4, showing that our strategy yields adequate tracking performance
for sensorless control applications. The algebraic estimator works within a nominal speed
range, with a high SNR and low estimation errors under experimental conditions. A further
discussion of our results and future work is presented in Section 5.

2. An Algebraic Estimation Strategy for the IM Rotor Speed

This section presents our algebraic estimator strategy for the IM rotor speed ω. Its
two fundamental components are illustrated with the block diagram in Figure 1. The first
component is the algebraic estimator. We use two copies (main and auxiliary) to provide
an uninterrupted estimate of the speed with ω̂1, ω̂2. The second component is an integral
resetting scheme to prevent numerical overflows inside the algebraic estimator calculations
and allow online parameter updates. A resetting logic governs the execution of the main
and auxiliary copies with the reset signals r1, r2, and the selector signal Υ. Thus, a valid
speed estimate ω̂ is available even during a reset or an online parameter update of our
algebraic estimator.

A detailed description of each component is presented in the following subsections.

Algebraic Estimation Strategy

Main
Algebraic
Estimator

Auxiliary
Algebraic
Estimator

Resetting
LogicVSI

IM
Figure 1. Block diagram of the algebraic estimation strategy.

2.1. Algebraic Estimator

The objective of this component is to provide an estimation for ω using only the
available electrical measurements, i.e., the stator voltages uSα, uSβ and currents iSα, iSβ, and
the structure of the IM dynamic model with its corresponding parameters.

2.1.1. Base Equation

The selection of the IM model and its reference frame is our first step. To keep the
structure simple, we use the classical two-phase model with equivalent rotor flux linkages
ψRα, ψRβ, within a fixed stator reference frame [20],
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dϑ(t)
dt

= ω(t) (1)

dω(t)
dt

=
npLM

JLR
(iSβ(t)ψRα(t)− iSα(t)ψRβ(t))−

1
J

τL(t) (2)

dψRα(t)
dt

= −RR
LR

ψRα(t)− npω(t)ψRβ(t) +
LMRR

LR
iSα(t) (3)

dψRβ(t)
dt

= −RR
LR

ψRβ(t) + npω(t)ψRα(t) +
LMRR

LR
iSβ(t) (4)

diSα(t)
dt

=
1

σLS

(
uSα(t)− RSiSα(t)−

LM
LR

dψRα(t)
dt

)
(5)

diSβ(t)
dt

=
1

σLS

(
uSβ(t)− RSiSβ(t)−

LM
LR

dψRβ(t)
dt

)
(6)

The machine parameters include the moment of inertia J, the number of pole pairs np,
the two-phase equivalent rotor and stator resistance RR, RS, rotor and stator inductance
LR, LS, and magnetizing inductance LM, where σ = 1 − L2

M/(LRLS). This model structure
presents highly coupled nonlinear dynamics, and its parameters can change over time. The
load torque τL is unknown, and there is no practical way to measure the flux states ψRα,
ψRβ. The electrical measurements have noise and DC offsets.

Our goal here is to devise an equation from the model that helps to address those chal-
lenges and develop an algebraic estimation for the rotor speed ω. So, we begin with some
algebraic manipulations over (5) and (6). This allows us to exclude the mechanical dynam-
ics in (2), eliminate the influence of τL, ignore the J parameter, and obtain the equivalent
rotor flux and its derivatives using only the stator current and voltage measurements.

It is direct from (5), (6) that the flux derivatives can be obtained as:

dψRα(t)
dt

= − LR
LM

(
−uSα(t) + RSiSα(t) + σLS

diSα(t)
dt

)
(7)

dψRβ(t)
dt

= − LR
LM

(
−uSβ(t) + RSiSβ(t) + σLS

diSβ(t)
dt

)
. (8)

An integral re-constructor for the flux is then obtained from an initial time t0 until the
current time t, using (7) and (8):

ψRα(t) = − LR
LM

(∫ t

t0

(−uSα(τ) + RSiSα(τ))dτ + σLSiSα(t)

−σLSiSα(t0)

)
+ ψRα(t0)

(9)

ψRβ(t) = − LR
LM

(∫ t

t0

(−uSβ(τ) + RSiSβ(τ))dτ + σLSiSβ(t)

−σLSiSβ(t0)

)
+ ψRβ(t0).

(10)

Now, evaluating (7) to (10) on (3) leads to an expression that is close to our objective,

Γ(t) = −RR
LR

ψRα(t0) + ω(t)(Φ(t)− npψRβ(t0)) (11)
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where,

Γ(t) :=− LR
LM

(
−uSα(t) + RSiSα(t) + σLS

diSα(t)
dt

)
− LMRR

LR
iSα(t)−

RR
LM

(∫ t

t0

(−uSα(τ) + RSiSα(τ))dτ

+σLSiSα(t)− σLSiSα(t0)

) (12)

Φ(t) :=
npLR

LM

(∫ t

t0

(−uSβ(τ) + RSiSβ(τ))dτ + σLSiSβ(t)

− σLSiSβ(t0)

)
.

(13)

Equation (11) is valuable as it relates the rotor speed ω along with Γ(t) and Φ(t),
expressions that can be calculated from the available measurements and the electrical pa-
rameters. However, this equation demands additional manipulations to adjust its structure
for an algebraic estimation. Γ(t) requires a current derivative estimation, and we must deal
with the initial conditions associated with the rotor flux.

2.1.2. A Locally Valid Speed Approximation

We now prepare (11) for the algebraic estimation with inspiration from the concepts
presented in [17,19]. For sufficiently short time intervals defined with a sliding-window
width T, the rotor speed ω(t) can be considered as a signal which is locally represented
using an m-order Taylor polynomial approximation with real coefficients z1(t), i.e.,

ω(t) ≈ z1(t) = a0 + a1t + · · ·+ amtm. (14)

Depending on the local period of the approximation, a sufficiently high order m
is required for ω(t) ≈ z1(t) to remain valid. However, a small m significantly reduces
complexity for the algebraic estimator. Thus, inspired by the classic and effective zero-order
hold method used for discretization, our proposal also works using a sufficiently short time
window where even the simplest approximation m = 0 provides a valid result, i.e.,

ω(t) ≈ a0 (15)

closely represents the rotor speed during a sufficiently small sliding-window width T, and
a0 will be continuously updated with the faster sample time where the algebraic estimation
will be computed.

2.1.3. Current Derivative Estimator in DQ Reference Frame

Classical algebraic methods avoid derivatives by means of integration, but this appli-
cation greatly benefits from a simpler structure. Therefore, we use a stator-current-oriented
DQ reference frame for the derivative calculation required in (12) for Γ(t). This process
reduces the classical delay and distortion introduced by filters handling experimental noise
during derivative calculations.

Using space vector notation,

Idq(t) = e−jζ(t) Iαβ(t) (16)

where Iαβ(t) := iSα(t) + jiSβ(t), Idq(t) := id(t) + jiq(t), and j is the imaginary unit. The
DQ stator current is oriented with ζ(t) := arctan

(
iSβ(t)/iSα(t)

)
resulting in id =

∣∣Iαβ(t)
∣∣,

and iq = 0. Within this DQ reference frame, the stator current derivatives in the stationary
reference frame are obtained as
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dIαβ(t)
dt

= ejζ(t)
(

did(t)
dt

+ j
dζ(t)

dt
id(t)

)
(17)

The derivatives for id(t) and ζ(t) are estimated using a classical low-pass filter approx-
imation described with a transfer function G(s) := ωcs/(s + ωc), where ωc is the cutoff
frequency, and utilizing the notation

did(t)
dt

≈ G(s)id(t),
dζ(t)

dt
≈ G(s)ζ(t). (18)

2.1.4. The Algebraic Procedure for State Estimation

It is now possible to establish an equation for the algebraic estimation. We use the
constant speed approximation ω(t) ≈ a0 and the available estimation for the current
derivative in Γ(t) and we address the unknown rotor flux initial conditions as an additional
constant parameter requiring estimation, so (11) can be written as,

Γ(t) =
(
−RR

LR
ψRα(t0)− a0npψRβ(t0)

)
+ a0Φ(t) (19)

With (19), it is now possible to perform an estimation procedure inspired by algebraic
methodology. We transform a nonlinear state estimation problem into a continuous estima-
tion of constant parameters. So, our new objective is to devise an algebraic structure to con-
tinuously estimate the constant approximation of the rotor speed a0 and a linear combina-
tion between a0 and the initial conditions of the rotor flux, i.e., − RR

LR
ψRα(t0)− a0npψRβ(t0).

First, we write (19) using vectorial notation for further simplicity,

q(t) = p(t)θ (20)

where,
q(t) := Γ(t), p(t) :=

[
1 Φ(t)

]
(21)

θ :=

[
− RR

LR
ψRα(0)− a0npψRβ(0)

a0

]
(22)

with θ representing the unknown parameters and q(t), p(t) the expressions that can be
calculated from the electrical measurements uSα, uSβ, iSα, and iSβ.

Assuming that the machine parameters LR, LS, LM, RR, RS, and θ remain constant
during a local time span of value T, an algebraic procedure, similar to the pseudoinverse
calculation, is used to provide the continuous estimations of the unknown parameters θ̂.
The terms in (20) are pre-multiplied by p′(t), i.e., the vector transpose of p(t),

p′(t)q(t) = p′(t)p(t)θ̂ (23)

A key difference from classical algebraic methods is then applied. With an integral
over a sliding-window of width T that defines our local time frame,[∫ t

t−T
p′(λ)p(λ)dλ

]
θ̂ =

[∫ t

t−T
p′(λ)q(λ)dλ

]
(24)

we soon show that the matrix at the left hand side is non-singular. So, a continuous estimate
for vector θ̂ could be obtained directly with θ̂ = M−1

pp (t)Mpq(t) where

Mpp(t) :=
∫ t

t−T
p′(λ)p(λ)dλ , Mpq(t) :=

∫ t

t−T
p′(λ)q(λ)dλ

a result that is equivalent to an application of the Least Squares Method; see details in [19].
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However, experimental errors and parameter inaccuracy affect the matrix Mpp and
the vector Mpq during microprocessor calculations with limited numerical precision. To
attenuate some of its adverse effects, we choose the QR factorization algorithm to solve (24)
and the calculation of any inverse matrices required in the simulations and experiments
presented in this work. Calculations with QR factorization provide a balance between
reduced sensitivity to numerical perturbations and computational complexity, something
critical for real-time executions [21].

Therefore, the online algebraic estimation for the rotor speed is achieved using

ω̂(t) =
[
0 1

]
θ̂ = â0 (25)

where ω̂(t) is continuously and automatically updated on account of the sliding-window
integrals in (24), its solution with the QR factorization, and the sampling period for the
algorithm execution in the microprocessor. A block diagram for this algebraic estimator is
shown in Figure 2.

Equations
(12),(13)

Algebraic Estimator

Equations
(21),(24)

QR
Algorithm

Equations
(17),(18)

Figure 2. Block diagram of the algebraic estimator.

2.1.5. Sliding-Window Width Tuning and Numerical Analyses

Our algebraic strategy demands a careful numerical analysis due to the structure
of (24). For example, the numerical condition of the matrix Mpp is critical for obtaining
an accurate and reliable estimate. We directly analyze this matrix for singular or nearly
singular situations where the numerical condition worsens. The matrix Mpp is symmetric
by construction. So, if it is also positive definite, Mpp is non-singular. We examine this by
considering the scalar z′Mppz, where z :=

[
z1 z2

]′ is an arbitrary non-zero and constant
vector over T, i.e.,

z′Mppz =
∫ t

t−T
z′p′(λ)p(λ)z dλ =

∫ t

t−T
(p(λ)z)2 dλ . (26)

It is ensured that z′Mppz ≥ 0. So, we focus on the case z′Mppz = 0. It is only possible if
the vector components in p(t) are linearly dependent during a time interval of width T, i.e.,

z1 + z2Φ(t) = 0 (27)

holds during a time interval of width T. Thus, if Φ(t) is not constant during a time interval
of width T, it is also warrantied that z′Mppz > 0, and the matrix is non-singular for every
t > T.

We further analyze Φ(t) to verify that our previous condition is coherent under
typical IM operation conditions. With the definitions in (10) and (13), it is clear that
Φ(t) = −np(ψRβ(t)− ψRβ(t0)). Under steady-state conditions, the magnetic rotor flux
component ψRβ(t) could remain constant. However, sinusoidal behavior generally domi-
nates with a fundamental angular frequency ωs := 2π fs, and fs ̸= 0 holds for most practical
IM applications. Indeed, fs = 0 is the classical unobservable condition of zero excitation
frequency (see [22]), and it agrees with our numerical condition requirements.

Finally, we establish tuning criteria for the sliding-window width T. Its definition is
critical for complying with our local constant speed approximation in (15), the numerical
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condition, and the noise-filtering action [19]. If a value of T ≪ 1/ fs is used, low-noise-
filtering action results, and ψRβ(t) can be approximated nearly to a constant over T, i.e.,
it results in a nearly singular situation with a poor numerical condition. If a value of
T ≫ 1/ fs is used, the noise-filtering action result is excessive and, more importantly, the
approximation (15) starts to lose validity. Choosing a value slightly higher than the period
at nominal stator frequency T > 1/ fsnom is helpful for most applications.

Our proposed tuning criteria are confirmed during our experiments in Section 4. The
plot in Figure 3 shows an evaluation of the SNR while tuning the sliding-window width T for
our case study. It includes the calculation of the SNR for the estimations obtained using the
algebraic estimator and the SNR obtained using the encoder measurements as a reference. The
algebraic estimator was evaluated for multiple T values. The values of T ≈ 0.02 s performed
poorly with an SNR around 30 dB. As T increased, the SNR improved and reached the same
performance as the optical encoder at T ≈ 0.15 with 47 dB. The SNR continues to increase
with a logarithmic trend, but the estimation error metrics also increased. For our case study
with fsnom = 50 Hz, algebraic estimator tuning revealed a value 5/ fsnom < T < 10/ fsnom ,
resulting in an SNR close to that obtained using an encoder measurement.

Figure 3. SNR evaluation for different sliding−window width (T) using experimental data. The SNR
of the experimental encoder measurement (orange line) and SNR of the algebraic estimation (blue ∗).

2.2. Integral Resetting Scheme

The algebraic estimator has expressions for Γ(t) and Φ(t) that involve pure integration
of the stator voltages and currents. These quantities are affected with DC offsets due to
sensor calibration issues, inverter nonlinearities, and some normal operating conditions of
the IM. So, integration is generally avoided for sensorless schemes, and complex low-pass
filters or some novel proposals with DC offset compensation are used instead of pure
integration; see [13,14].

In contrast, our algebraic estimator uses a simpler resetting scheme to prevent precision
degradation and numerical overflows. This scheme is not present in classical algebraic
methods, but [19] shows that it is a valuable tool. Different from [19], our scheme does not
require timelines, and it is also helpful in facing model mismatch effects. This is due to the



Electronics 2024, 13, 1937 9 of 20

zero-order approximation (14) and the easier integration with online parameter updating
schemes during the reset events.

As depicted in Figure 1 this scheme requires two steps. First, the algebraic estimator, a
main, and an auxiliary block are duplicated. Furthermore, second, a resetting logic block is
designed that sends suitable resetting signals r1, r2 and a selection signal Υ.

The resetting logic is illustrated with its signals in Figure 4. The rising edges r1, r2
represent the resetting points for the main and auxiliary blocks, respectively. The main
estimator is reset with a period Tr1 in accordance with the numerical hardware limitations
or an online policy for parameter updates. The auxiliary estimator is only activated δ/2
units of time before each resetting action over the main estimator, and δ/2 ≈ T corresponds
to the minimum time required for the estimators to converge. The signal Υ(t) = 1 selects
the main one most of the time, except for δ/2 periods where its resetting takes place and
Υ(t) = 0 selects the auxiliary estimator.

Figure 4. Signals of the resetting logic.

Both estimators, the main and auxiliary, are simultaneously active during small δ time
intervals due to the almost instantaneous nature of the algebraic estimator. Therefore, this
design reduces the algorithm’s complexity, effectively avoids numerical overflows, and
enables the integration with online parameter updates.

3. An Electric Vehicle Case Study

An electric vehicle (EV) with an IM-based drivetrain is selected to study the algebraic
speed estimation strategy in a practical application. This analysis uses a simplified model
of the vehicle mechanics and aerodynamics described as a load torque and load inertia
attached to the IM. A one-degree-of-freedom vehicle body under longitudinal motion
conditions is considered; see Figure 5. The EV’s weight is assumed to be uniform over the
wheels, with its center of mass located in the center of the vehicle along the wheel axes.
The EV drivetrain topology is assumed to be located to the rear with a single IM drive
powering an ideal fixed gearbox and differential connecting the axle and its wheels.

Air

Figure 5. Forces acting on a longitudinal vehicle model.
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3.1. Electric Vehicle Model

We use a simplified vehicle model, similar to approaches found at [23,24], where the
following forces are frequently associated with the total tractive load.

FTL = Fad + Fhc + Frr (28)

It includes the aerodynamic drag force Fad associated with the vehicle body moving a
mass of air. It depends on the air density ρair, the drag coefficient Cd, the vehicle frontal
area A f , and the direction and magnitude of the EV linear speed v.

Fad =
1
2

ρairCd A f v2sgn(v) (29)

A hill-climbing force Fhc when the vehicle mass m is moving through an inclined plane
with a slope defined by the angle θslope under the influence of earth’s gravity g.

Fhc = mg sin (θslope) (30)

Moreover, a rolling resistance force Frr due to the friction interaction between the
wheels and the road surface is described with a dynamic friction coefficient µr and acting
against the movement of the vehicle.

Frr = µrmg cos (θslope)sgn(v) (31)

The motor load torque is then defined by the motor shaft friction load τf L and the
simplified total tractive load considering the wheel radius Rw and the fixed gear ratio Gr.

τL = τf L +
Rw

Gr
FTL (32)

The updated mechanical dynamic model for the IM drive in the EV is thus described with

JEV
dω(t)

dt
= τe(t)− τL(t) (33)

where τe(t) is the electrical torque produced by the IM. JEV the total inertia of the EV,
including the motor inertia J, the wheel inertia associated with the wheel mass mw, the
shaft inertia associated with the vehicle mass, and the slip of the wheel sw, assumed to be
zero under ideal road-tire conditions with a high adhesion coefficient.

JEV = J +
1
2

(
Rw

Gr

)2
mw +

1
2

(
Rw

Gr

)2
m(1 − sw) (34)

3.2. Preliminary Transient Simulations and Parameter Sensitivity Analysis

This section evaluates fast transients and the sensitivity of the parameters RR, LM
with simulations. Before experimental studies, these results are obtained for our proposed
algebraic strategy and the MRASCC estimator proposed by [6] and further described in
Section 4.2 for our comparison purposes. The values KPMRAS = 250 and KIMRAS = 250, 000
were used for simulations using the MRASCC estimator.

We performed multiple simulations to cover fast transients for high-, medium-, and
low-speed ranges. The simulations considered noise and DC offset components in the
stator voltages and currents, like those obtained with our experiments. The transients cover
zero-crossing and reverse-speed conditions with 3 s steps of nominal torque load applied
and released during steady state. The results are presented in Figures 6 and 7.
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Figure 6. Simulations for IM algebraic and MRASCC sensorless FOC facing fast high- and medium-
speed ranges.

Figure 7. Simulations for IM algebraic and MRASCC sensorless FOC facing fast low- and ultra-low-
speed ranges.

Both strategies show similar performance, with significant tracking errors only present
during transient events. The results are also consistent with our further experimental
observations. The algebraic strategy presents more significant transient errors, but the
MRASCC presents larger transient errors for low-speed ranges.

The parameter sensitivity is ascertained for the IM parameter mismatch between ±50%
for RR and ±10% for LM. The mismatch is introduced during 3 s at nominal torque load
and 3 different steady-state speed levels that cover a significant portion of the nominal
speed range from 12.5 to 100 rad/s.

The results in Figure 8 show a significant steady-state error as a result of the RR
mismatch, consistent for both estimation approaches. The situation is different for the LM
mismatch. The simulations show a more sensitive response to this parameter, particularly
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for the overestimation of 10%LM. Both the algebraic and MRASCC techniques present
potentially unbounded behavior, with the MRASCC error increasing faster for low speeds.

Figure 8. Simulations for IM algebraic and MRASCC sensorless FOC facing parameter mismatch.

4. Experimental Results and Comparison

This section details the experimental setup, its configurations, and the results for two
experiments. An experiment validates our algebraic estimation strategy for the EV case study.
Another experiment implements the well-known MRASCC sensorless strategy proposed in [6]
for comparison purposes. We use a low-power setup using an IM coupled to a DC Generator
(DCG). The test bench is integrated with real-time simulation equipment to implement
algorithms. The tests are executed in closed-loop using PI control and emulating typical EV
speed and torque conditions. The results exhibit small tracking error bounds for both tests
and confirm the effectiveness of the algebraic speed estimator for sensorless applications.

Our experimental setup supplies a 100 W IM from a filtered VSI controlled with
conventional PWM. The IM is mechanically coupled to a DCG for small-scale load torque
emulation of the EV powertrain. To provide load torque for low or zero speeds (limited
to 0.3 Nm), the DCG is connected in series to a DC voltage source (30 V). Both elements
supply a resistive load (30 Ω) through a PWM-controlled DC-DC converter. Isolated current
and voltage transducers with instrumentation circuits (analog amplification and filters)
provide the electrical measurements iabc and uabc for the IM and idcg for the DCG. Optical
incremental encoders with 2500 ppr provide an angular speed measurement used for
load torque emulation and comparison of speed estimations. The control and estimation
algorithms are implemented in the Matlab/Simulink environment and deployed to xPC-
Target-based platforms for real-time simulation with a sample time of 0.1 ms. The xPC-
Target computers are equipped with Intel Pentium D processors, National Instruments
data acquisition (PCI-6024e) and counter (PCI-6602) cards. A picture of the setup is given
in Figure 9, and a circuit diagram is shown in Figure 10. The IM parameters are obtained
through classic identification methods and are presented in Table A1.
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Figure 9. Picture of the laboratory setup.
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Figure 10. Experimental setup circuit diagram and IM algebraic sensorless FOC block diagram.

4.1. Experimental Validation of the Algebraic Estimation Strategy

This first validation test is performed with an IM under conditions of sensorless
field-oriented control (FOC), PI controllers Cx(s) = KPx + KIx /s, and our speed estimation
strategy. The DCG provides our load torque emulation using a PI current controller
Cidcg(s) = 4 + 10/s. IM current control loops are designed with 233 rad/s bandwidth
(KPid

= KPiq
= 563, KIid

= KIiq
= 97, 700) and speed control loop with 4 rad/s bandwidth

(KPω = 9, KIω = 25). Our algebraic estimator is configured with a window width T = 0.1 s
and a reset time Tr1 = 65 s. The cutoff frequency ωc = 2π100 rad/s is selected for the
low-pass filters in the current derivative estimator.

The algebraic estimation strategy was evaluated with an UDDS speed command that
is used as an EPA-standard procedure for vehicle testing. During this experiment, the
DCG current idcg is controlled to provide a load torque emulation that implements the
vehicle model in Section 3.1. The results in Figure 11 show a SNRω̂ = 43.7 dB for the
algebraic speed estimation ω̂. This value is close to the SNRω = 46.5 dB obtained from
the encoder speed measurements ω. The tracking error defined ∆ω := ω∗ − ω has an
average value lower than ±1 rad/s or ±0.00637 p.u., except for transients during starting
and braking operations. The electromagnetic torque τe and the field-oriented DQ currents
id, iq confirm the proper operation of the sensorless controller even under highly varying
load torque conditions.
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Figure 11. Experimental results for UDDS speed command with algebraic sensorless FOC.

4.2. Experimental Implementation of MRASCC Sensorless and Comparison Metrics

This section presents a brief description and implementation of the stator-current-
based MRASCC estimator presented in [6] along with comparison points regarding our
algebraic estimation strategy. The reference model is established with the induction motor
within the stationary reference frame. This represents a starting point similar to the one
used in our proposal in Section 2.1.1, where we obtain the base equation of the estimator.
However, the MRASCC proposal is proposed with a completely different methodology
described by the block diagram in Figure 12.

Speed
Adaptation
Mechanism

Induction Motor

Current Model

Current
Estimator

Model Reference

Adjustable Model

Figure 12. Block diagram for the stator-current-based MRASCC [6].
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The adaptive model is built with the equations associated with the rotor flows,

dψ̂Rα(t)
dt

= −RR
LR

ψ̂Rα(t)− npω̂MRAS(t)ψ̂Rβ(t) +
LMRR

LR
iSα(t) (35)

dψ̂Rβ(t)
dt

= −RR
LR

ψ̂Rβ(t) + npω̂MRAS(t)ψ̂Rα(t) +
LMRR

LR
iSβ(t), (36)

and those associated with the stator currents and rotor fluxes,

dîSα(t)
dt

=
1

σLS

(
uSα(t)− RS îSα(t)−

LM
LR

dψ̂Rα(t)
dt

)
(37)

dîSβ(t)
dt

=
1

σLS

(
uSβ(t)− RS îSβ(t)−

LM
LR

dψ̂Rβ(t)
dt

)
. (38)

The MRASCC strategy proposed in [6] uses an adaptation mechanism based on the
error between the stator current measurements and the current estimate obtained with (37),
i.e., eiSα,β(t) = iSα,β(t)− îSα,β(t), defined with the expression

ω̂MRAS(t) =KPMRAS

(
eiSα

ψ̂Rβ(t)− eiSβ
(t)ψ̂Rα(t)

)
+ KIMRAS

∫ (
eiSα

(τ)ψ̂Rβ(τ)− eiSβ
(τ)ψ̂Rα(τ)

)
dτ .

(39)

This mechanism must match the angular speed of the rotor ω and therefore allows its
value to be estimated.

For our comparison experiments, the test conditions were kept almost identical along
with the control structure shown in Figure 10. Only the algebraic estimation strategy block
was replaced with the previously described MRASCC strategy and the block diagram shown
in Figure 12. In the absence of a structured tuning method, the parameters of the MRASCC

adaptation mechanism were empirically tuned. Our best adjustment was achieved by
selecting KPMRAS = 25 and KIMRAS = 2500, values within the stable ranges described in [6].

The results for the MRASCC strategy in Figure 13 show a performance similar to that
presented in Figure 11 for the algebraic strategy. Sensorless control schemes that used the
algebraic estimation strategy and the MRASCC estimator met the tracking objectives. This
was confirmed by calculating the quantitative performance indices shown in Table 1. For
example, the IAE index is on the order of hundreds for all IM control schemes evaluated.
The MRASCC strategy obtained an average magnitude of the speed tracking error |∆ω|,
which is 1.5 times higher than the algebraic estimation strategy and 5.6 times higher than
the baseline control using a speed sensor.

Additional details of the results in Figure 13 are shown within the close-up plots in
Figure 14 for the 60 to 90 rad/s high-speed range and the 0 to 60 low- to medium-speed
range. Both algebraic and MRASCC approaches show similar transient and steady-state
behavior. In the medium- and high-speed ranges, both methods present an almost constant
speed error of around 1 rad/s. In the low-speed range, both methods present an oscillatory
transient speed error under 4 rad/s.

Further examination of the low-speed range is shown in another close-up shown
in Figure 15. Fewer oscillations and speed errors result during the stopping transient,
especially for the algebraic approach. The starting transient shows a more challenging
condition, but both estimators have errors below 5 rad/s.
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Figure 13. Experimental results for UDDS speed command with MRASCC FOC.

Figure 14. High- and medium-speed transient zoom for experimental UDDS results with algebraic
sensorless and MRASCC FOC.

As a last step in the comparison analysis, the experimental stator voltage and current
measurements for 1 s in the zero-speed range are also shown in Figure 15. They show some
significant noise present in the stator voltage compared to the current measurements. It
is also important to highlight that both included an unbalanced DC offset estimated in
the range of 100 mV and 10 mA, respectively. Both strategies perform correctly in these
experimental voltage and current measurements.
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Figure 15. Low-speed transient zoom for experimental UDDS results with algebraic sensorless and
MRASCC FOC including 1s sample of stator voltage and current measurements.

These results suggest that our algebraic estimation strategy is a viable solution for
sensorless IM control and our proposed EV case study. On the one hand, the simplicity of
the structure associated with the MRASCC alternative compared to our algebraic proposal
should not be ignored, as supported by calculations for the computational burden shown
in Table A2. On the other hand, emphasis is placed on the facilities to tune and adapt
the algebraic estimation strategy. This includes the tuning criteria associated with the
sliding-window width T and the availability of a reset scheme to adapt the parameters of
the IM model online; see Section 2.2.

Table 1. Performance indices for the IM control schemes evaluated with our experimental EV case study.

|∆ω|mean IAE ISE ITAE ITSE

Speed sensor 0.173 97 58 29,230 16,044

Algebraic strategy 0.664 374 396 99,549 96,118

MRASCC strategy 0.971 548 827 159,133 248,434

5. Discussion

This paper presents an algebraic estimation strategy for sensorless IM control, consid-
ering key experimental aspects. We studied its application under the demanding conditions
of an EV context, with nominal speed range requirements and highly variant torque loads.
Using a laboratory setup for small-scale EV powertrain emulation, we successfully val-
idated its performance with average tracking error |∆ω|mean ≤ 0.7 rad/s. Its inherent
filtering capabilities reached an SNR of 43 dB using our simple single-parameter tuning
criteria established in Section 2.1.5. The results further demonstrated coherent performance
compared to the well-known MRASCC strategy in [6], without introducing additional
dynamics into the control system.

To address some significant challenges of IM speed estimation, we propose a novel
estimator design that is different from the classical algebraic methodology. We include the
usage of sliding-window integrals from the ideas in [19]. This helps to reduce the distortion
introduced by classical filters, a problem described in [13]. Our estimator does not avoid
derivative calculations as in [17,19]. Instead, we simplified its structure and used a current
derivative estimator described in Section 2.1.3. Unlike sensorless proposals as [13,14], we
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adapted a resetting scheme from [19] to use pure integrals without floating-point overflow.
This scheme potentially facilitates the integration of online parameter adaptation to deal
with IM model mismatch effects.

Thus, our work further proves the flexibility and capabilities of the concepts of alge-
braic methodology to develop new and effective solutions for complex estimation problems.
There are still opportunities to expand its numerical analysis, perform parameter sensitivity
studies, and improve its computational efficiency. For instance, future work could study
our strategy with different control strategies, flux estimators, and parameter adaptation
mechanisms. The proposed methods and structures are potentially adaptable to other
motor technologies or completely different high-performance applications.
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Appendix A

This section includes experimental values for the IM motor and the EV model. The
values result from motor plate information, classical IM parameter identification procedures,
and scale-down versions for a real EV.

Table A1. Parameters for the IM and EV.

IM Parameters Value

Rated speed/Pole pairs (np) 1500 rpm/2
Rated power/Torque 100 W/0.6 Nm
Rated voltage/Current/Frequency 70 V/1.2 A/50 Hz
Stator (RS)/Rotor (RR) resistance 6.576 Ω/19.577 Ω
Stator (LσS)/ Rotor (LσR) leakage inductance 55.2 mH/5.4 mH
Magnetizing inductance (LM) 243.4 mH

EV parameters (small-scale) Value

Vehicle mass (m)/Frontal Area (A f ) 98 kg/2.4 m2

Wheel radius (Rw)/Fixed gear ratio (Gr) 0.3594 m/9.73
Air density (ρair) @ 1 atm, 25 ◦C 1.1839 kg/m3

Aerodynamic drag (Cd)/Rolling resistance (µr) 0.24/0.002
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Appendix B

This section includes simulation values using the Simulink Profiler tool. We obtained
results for both the algebraic and the MRASCC estimator. Both were tested with the same
109 s simulation speed and torque profiles used for our transient evaluation study. The
simulations were executed with the Accelerator mode using an ode4 solver with 0.001 s
fixed step. Everything was executed on a laptop with an Intel Core i7-1360H processor,
2.4 GHz base speed, and 10 cores. After five simulations for each estimator, the results
show an average for the total execution time of our algebraic estimator block of 0.38 s and
0.0066 s for the MRAS CC estimator block.

Table A2. Total execution time in seconds for each estimator block using Simulink Profiler.

Simulation Algebraic Estimator MRASCC Estimator

1 0.372412 0.006422

2 0.373271 0.006539

3 0.372554 0.006534

4 0.368123 0.006746

5 0.404302 0.006769

Mean 0.38 0.0066
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