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This paper presents a sliding-mode model-reference adaptive system (SM-MRAS) observer for speed estimation in a sensorless, 
indirect vector control dual-star induction motor (DSIM) system. Firstly, a reference model of the DSIM rotor fluxes is provided 
using a voltage-model observer. The adjustable model adjusts the rotor flux estimates to match the reference model by adapting 
the speed, especially the speed estimate, which is a sliding-mode term. Secondly, the optimal parameters of the sliding mode 
controllers are optimized by the hybrid particle swarm grey wolf optimization (PSOGWO) algorithm. The main objective of this 
study is to demonstrate the effectiveness and validity of the proposed SMC-PSOGWO strategy. A comparative analysis with SMC-
GWO and the conventional PI controller illustrates that the proposed method achieves a faster dynamic response and superior 
overall performance.

1. INTRODUCTION 
Due to a significant increase in electrical energy 

consumption, high-power electrical applications have caused 
problems at the converter-machine interface. The converter 
switches must be switched at high current and higher switching 
frequencies, which necessitate the use of high-gauge 
components. On the other side, the machines' winding needs to 
be sized to withstand a high voltage [1]. 

To meet the mentioned criteria, Power segmentation is a 
suitable option for multiphase induction machines with more 
than three phases, driven by one or multiple converters. For this, 
the multi-phase machines are increasingly present in industrial 
applications of high power, such as railway traction, naval 
propulsion, and wind power systems. Among these multiphase 
drives, the dual star induction machines with two sets of three-
phase stator windings spatially shifted by 30 electrical degrees 
and isolated neutral points are one of the most widely discussed 
topologies [2,3]. 

Several control strategies have been proposed for DSIM 
control. The two most widely used methods to control DSIM 
are indirect field-oriented control (IFOC) and direct torque 
control (DTC) [4,5]). These methods use simple PID 
controllers in their classic base forms to control the speed, 
torque, and current of the DSIM. On the other hand, these 
simple conventional control strategies require precise 
knowledge of system parameters and precise tuning of 
proportional-integral-derivative (PID) gains. Control laws are 
then developed using state feedback; their use, however, 
requires measurement of the state vector [5].  

However, numerous difficulties arise in implementing the 
sensors, including sensor installation and additional costs. In 
order to overcome these problems, many researchers are 
interested in a sensorless control of induction motor drives. In 
(Djellouli et al. [6]), an extended Kalman filter (EKF) technique 
is used to estimate the speed and torque of the IM. In [7], a 
robust ANFIS based on the Luenberger observer has been 
proposed to estimate the speed and the rotor flux of the DSIM.  

In [8], an artificial neural network (ANN) optimizer 
integrated with sensorless indirect rotor field-oriented control 
(IRFOC) to improve dynamic performance and efficiency in 
PV-powered DSIM systems. Moreover, the MRAS is a widely 
used machine model-based adaptive control method that 
requires measurements of machine operating voltages and 

currents to estimate speed. This method is the most attractive 
approach due to its design simplicity. This is the most 
significant advantage of MRAS over the other speed observers 
and is recommended for low-cost applications [9]. Recently, 
the sliding mode controller has been a very popular technique 
due to its simplicity of design and implementation, high 
precision, and robustness to the variation of external or 
internal parameters [10,11]. But the main drawback of this 
control technique is chattering, which causes unwanted 
problems and defects in the system.  

Furthermore, performance degrades when the system 
malfunctions because the approach relies on a mathematical 
model of an industrial plant, and it is difficult to tune the SMC's 
optimal or near-optimal parameters. To solve these difficulties, 
many approaches have been developed in the literature to 
determine the parameters of SMC. In [12], a synergetic control 
with sliding mode extremum seeking control (SC-SMESC) has 
been proposed to enhance the performance and reliability of 
doubly fed induction generator (DFIG)-based wind turbine 
systems, where the SC-SMESC parameters are optimized using 
the PSO algorithm. In [13], the GWO and PSO algorithms were 
employed to optimize the sliding-mode controller to enhance 
reference tracking and improve the overall performance of 
DFIG-based wind turbine systems (WTS). Dembri et al. [14] 
proposed a fractional-order fuzzy proportional-integral with 
derivative (FOFPID) regulator to maintain the output power of 
the DFIG-based WTS, where the FOFPID parameters are 
optimized using the social spider optimization (SSO) algorithm. 

The main contribution of this paper is the application of a 
sliding mode sensorless control scheme for a dual-star 
induction motor. This control strategy is used to estimate the 
speed to generate the switching states of the inverter and 
consequently the supply voltages of the DSIM. To fulfill 
these objectives, the optimal gains of this controller are 
optimized by the hybrid PSOGWO (HPSOGWO)algorithm. 

2. DUAL STAR INDUCTION MACHINE MODELING 
The voltages of the DSIM in the dq-reference frame are 

given by (Milles et al. [15]): 

⎩
⎪
⎨

⎪
⎧𝑉!"#$ = 𝑅#$𝐼!"#$ +

%&!"#$
%'

∓ω(φ"!#$,

𝑉!"#* = 𝑅#*𝐼!"#* +
%&!"#%
%'

∓ω#φ"!#*,

𝑉!"+ = 𝑅+𝐼!"+ +
%&!"&
%'

∓ω#+φ"!+,

            (1) 
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where 𝑉!"#$, 𝑉!"#* and 𝑉!"+ represent the stator and rotor 
voltages along d and q axes, respectively; 𝐼!"#$, 𝐼!"#*and 𝐼!"+ 
are the stator and rotor currents along d and q axes, 
respectively; 𝑅#$, 𝑅#*and 𝑅+ are the stator and rotor 
resistances, respectively; φ!"#$, φ!"#* and φ!"+ are the 
stator and rotor flux density along the d and q axes, 
respectively; ω#+ is the rotor pulsation and it is given by 
ω#+ = ω# −ω+, where ω#, ω+are the synchronous speed and 
rotor speed, respectively. 

The flux equations are given by: 

/
φ!"#$ = 𝐿#$𝐼!"#$ + 𝐿,1𝐼!"#$ + 𝐼!"#* + 𝐼!"+2,
φ!"#* = 𝐿#*𝐼!"#* + 𝐿,1𝐼!"#$ + 𝐼!"#* + 𝐼!"+2
φ!"+ = 𝐿+𝐼!"+ + 𝐿,1𝐼!"#$ + 𝐼!"#* + 𝐼!"+2.

,       (2) 

where 𝐿#$, 𝐿#*, 𝐿+ and 𝐿,are the stator inductances, rotor 
inductance, and mutual inductance, respectively. 

In the DSIM, rotor windings are short-circuited, hence 
𝑉!"+ = 0 . 

The electromagnetic torque is given by: 
𝑇-, = 𝑝 .'

.'/.&
71𝐼"#$ + 𝐼"#*2φ!+ − (𝐼!#$ + 𝐼!#*)φ"+:,  (3) 

with 𝑝 is the number of pole pairs. 
The mechanical dynamic equation is described as: 

J %0&
%'

= 𝑇-, − 𝑇+ −𝐾1ω+ ,                        (4) 
where J is the moment of inertia, 𝑇+is the load torque, and 𝐾1 
is the coefficient of viscous friction. 

3. MRAS-BASED SPEED-ESTIMATION 
TECHNIQUE  

The main advantage of the MRAS method is that there is 
a reference model of the machine (typically a voltage model), 
not dependent on the rotor speed, and an adjustable model 
(generally a current model) depending directly on the speed 
[9]. The error obtained between these two models is used by 
an adaptation mechanism, which adjusts the adaptive model 
to generate an estimate of rotor speed.  

 
Fig. 1 – Diagram of the speed estimation structure with MRAS. 

For the DSIM, the reference rotor flux components can be 
described by the following equations: 

⎩
⎪
⎪
⎪
⎨
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⎪
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 (5) 

The adaptive model is given by: 

⎩
⎪
⎨

⎪
⎧dφD+237

d𝑡 = E
𝐿,
𝑇+
(𝑖#2$ + 𝑖#2*) −

1
𝑇+
φD+237 −ω+φD+537B ,

dφD+537
d𝑡 = E

𝐿,
𝑇+
1𝑖#5$ + 𝑖#5*2 −

1
𝑇+
φD+537 +ω+φD+237B .

 (6) 

The error for the controller is determined by the cross-
product calculation: 

ε = φ+534φD+237 −φ+234φD+537. (7) 

The law of adaptation can be obtained by using a PI 
controller as: 

ωD+ = ε H𝑘8 +
9(
:
J. (8) 

To ensure effective control of the estimation error, the 
MRAS adaptation mechanism is driven by a control signal 
generated according to the sliding mode control principle, 
whose detailed formulation is presented in Section 4. The 
SMC-based adaptation acts to regulate the MRAS estimation 
error and enforce convergence of the estimated speed 
without relying on linear PI adjustment. Furthermore, the 
sliding mode adaptation introduces a nonlinear corrective 
term into the MRAS loop, thereby reducing sensitivity to 
parameter variations and external disturbances compared 
with conventional PI-based MRAS schemes. 

4. SLIDING MODE CONTROL DESIGN 
Sliding mode is a type of variable structure system, it is 

based on a nonlinear control that uses discontinuous controls. 
The principal idea behind sliding mode control is to drive the 
state trajectory of the system towards a surface 𝑆(𝑋) = 0 and 
maintain it around this surface with the switching logic 
function 𝑈;given by 

𝑈< = 𝑈-" +𝑈;, (9) 
where 𝑈-" and 𝑈;representthe equivalent control term and 
discontinuous control term, respectively. The equivalent 
control term is calculated by solving the equation 𝑆̇(𝑋) = 0. 
It ensures stable behavior along the sliding surface. 

The discrete control 𝑈; is generally represented as a relay 
type, which can be expressed by equation (10) as follows: 

𝑈; = 𝐾sign1𝑆(𝑋)2, (10) 

with sign1𝑆(𝑋)2 = S1				if	𝑆 > 0,
−1		if	𝑆 < 0. 

To assess the stability of the proposed sensorless control 
structure, the interaction between the MRAS estimation 
mechanism and the sliding-mode adaptation law is analyzed 
using a Lyapunov-based approach. 

We define the speed estimation error between the actual 
rotor speed ω+ and its MRAS-based estimate ωD+ as 

ε = ω+ −ωD+ .																																								(11) 
The sliding surface introduced in Section 5 is expressed as 

𝑆(ε) = ε+ ∫𝑀εd𝑡, 		𝑀 > 0. (12) 

A Lyapunov candidate function is selected as 
𝑉 = 𝑡𝑆*(ε),                               (13) 

which is positive definite for 𝑆(ε) ≠ 0 and its time derivative 
is given by: 

𝑉̇ = 𝑆(ε)𝑆̇(ε).                              (14) 
By substituting the sliding-mode adaptation law 

developed in Section 5 into 𝑆̇(ε) the derivative of the 
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Lyapunov function becomes 
𝑉̇ = 𝑆(ε)[−𝑘 sign(𝑆(ε))] = −𝑘 ∣ 𝑆(ε) ∣≤ 0,     (15) 

where 𝑘 > 0 is the sliding-mode gain. 
But using the “sign” function often causes chattering in 

practice. One solution to reduce chattering is to introduce a 
boundary layer around the sliding surface. This is expressed 
by: 

𝑈; = ^
𝑘sgn1𝑆(𝑥)2	if	|𝑆(𝑥)| > ε,
𝑘
ε 𝑆
(𝑥)𝑖𝑓|𝑆(𝑥)| < ε.

 (16) 

5. SMC OF THE DUAL STAR INDUCTION MACHINE 
The Sliding mode control law is designed by synthesizing 

a decoupled model obtained through the IFOC method [5]. 
The idea is to keep the error speed rotor, flux rotor, direct 
and quadratic stator current quantities within these sliding 
surfaces: 

𝑆(ω+) = ω+
∗ −ω+, 

𝑆(φ+) = φ+∗ −φ+, 

           𝑆(𝐼!#$) = 𝐼!#∗ − 𝐼!#$, (17) 

𝑆(𝐼!#*) = 𝐼!#∗ − 𝐼!#*, 
𝑆1𝐼"#$2 = 𝐼"#∗ − 𝐼"#$, 
𝑆1𝐼"#*2 = 𝐼"#∗ − 𝐼"#*, 

where the superscript (∗) denotes the reference value. 
Accordingly, ω+

∗ , φ+∗ , 𝐼!#∗ , and 𝐼"#∗ represent the reference 
variables of the rotor speed, flux, direct and quadratic stator 
current, respectively. A block diagram of sliding mode 
control of the DSIM is shown in Fig. 2. 

The principle of the sliding mode control technique 
determines the control laws of the 𝜔+ , 𝜑+ , 𝐼!#and 𝐼"# as 
follows: 
For the speed controller 

𝑆(ω+)𝑆̇(ω+) < 0 ⇒ 𝐼"#∗ = 𝐼"#-" + 𝐼"#;, (18) 
with, 

𝐼"# = 𝐼"#$ + 𝐼"#* (19) 
𝑖"#-" =

>
:%

.&/.'
.'&&∗

eω̇+
∗ + ?*

>
ω+ +

:
>
𝑇+f, (20) 

𝑖"#; = 𝐾@&
A(0&)

|A(0&)|/E+&
. (21) 

For the flux controller 
𝑆(φ+)𝑆̇(φ+) < 0 ⇒ 𝐼!#∗ = 𝐼!#-" + 𝐼!#;, (22) 

where, 
𝐼!# = 𝐼!#$ + 𝐼!#* (23) 

𝑖!#-" =
.&/.'
.'F&

eφ̇+∗ +
F&

.'/.&
φ+f, (24) 

𝑖!#; = 𝐾G&
A(&&)

|A(&&)|/E,&
. (25) 

For the stator currents controllers 
𝑆(𝐼!#$)𝑆̇(𝐼!#$) < 0 ⇒ 𝑉!#$∗ = 𝑉!#$-" + 𝑉!#$;, (26) 
𝑆1𝐼"#$2𝑆̇1𝐼"#$2 < 0 ⇒ 𝑉"#$∗ = 𝑉"#$-" + 𝑉"#$;, (27) 
𝑆(𝐼!#*)𝑆̇(𝐼!#*) < 0 ⇒ 𝑉!#*∗ = 𝑉!#*-" + 𝑉!#*;, (28) 
𝑆1𝐼"#*2𝑆̇1𝐼"#*2 < 0 ⇒ 𝑉"#*∗ = 𝑉"#*-" + 𝑉"#*;, (29) 

with: 
𝑉!#$-" = 𝑅#$𝐼!#$ + 𝐿#$𝐼!#$∗ −ω#

∗1𝐿#$𝐼"#$ +
𝑇+𝜑+∗𝜔#+∗2, 

(30) 

𝑉"#$-" = 𝑅#$𝐼"#$ + 𝐿#$𝐼"#$∗ +ω#
∗(𝐿#$𝐼!#$ +φ+∗), (31) 

𝑉!#*-" = 𝑅#*𝐼!#* + 𝐿#*𝐼!#*∗ −ω#
∗1𝐿#*𝐼"#* +

𝑇+φ+∗ω#+
∗2, (32) 

𝑉"#*-" = 𝑅#*𝐼"#* + 𝐿#*𝐼"#*∗ +ω#
∗(𝐿#*𝐼!#* +φ+∗), (33) 

and 
𝑉!#$; = 𝐾H!#$

A(H!#$)
|A(H!#$)|/E-!#$

, (34) 

𝑉"#$; = 𝐾H"#$
AIH"#$J

KAIH"#$JK/E-"#$
, (35) 

𝑉!#*; = 𝐾H!#%
A(H!#%)

|A(H!#%)|/ε-!#$
, (36) 

𝑉"#*; = 𝐾H"#%
AIH"#%J

KAIH"#%JK/ε-"#%
. (37) 

For the estimated speed  
The control surface of the estimated speed is described as: 

𝑆(𝜀) = ε+ ∫𝑀εd𝑡,𝑀 > 0. (38) 
The derivative of 𝑆(ε)is given by: 

𝑆̇(ε) = ε̇+𝑀ε, (39) 
where, 

ε̇ = 𝐴$ − ωD+𝐴*, (40) 
with: 

𝐴$ = φ̇+β34φD
+α37

− φ̇+α34φD+β37

+
𝐿,
𝑇+
e(𝑖#α$ + 𝑖#α*)φ+β34

− 1𝑖#β$ + 𝑖#β*2φ+α34f

−
1
𝑇+
eφD+α37φ+β34 − φD+β37φ+α34f, 

(41) 

𝐴* = 𝜑i+637𝜑+634 + 𝜑i+L37𝜑+L34. (42) 
By substituting (40) into (39), the derivative of the control 

surface can be given by: 
𝑆̇(ε) = 𝐴$ − ωD+𝐴* +𝑀ε. (43) 

Let ωD+ = ωD+-" + ωD+;, eq. (43) can be rewritten as  
𝑆̇(ε) = 𝐴$ − ωD+-"𝐴* − ωD+;𝐴* +𝑀ε. (44) 

By applying SM theory, the equivalent control ωD+-" and 
attractive control ωD+; takes the following forms: 

ωD+-" =
M$/Nε
M%

	 , ωD+; = 𝐾O
A(ε)

|A(ε)|/ξε
. (45) 

 
Fig. 2 – Diagram of sliding mode sensorless IFOC of the DSIM. 

To calculate the sliding mode controller parameters, we 
used the hybrid PSOGWO algorithm.  

6. GWO OPTIMIZATION OF SMC CONTROLLER 
The grey wolf optimization (GWO) algorithm is a novel 

meta-heuristic algorithm that mimics the natural leader 
hierarchy and the mechanism of hunting gray wolves in the 
wild. The method emulates the social structure and hunting 
behavior in the society of gray wolves. 

The grey wolf hierarchy is represented by four distinct 
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simulations: Alpha (α), Beta (β), Delta (δ), and Omega (ω). 
During the optimization process, the fitness of the solutions 
is evaluated and organized according to the social hierarchy 
of wolves, the Alpha (α) serves as the primary solution, with 
the Beta (β) and Delta (δ) representing the second and third-
best solutions, respectively. The remaining solutions are 
considered least important and are assigned to the Omega 
group [16,17]. 

The following eq. (46)-(48) have been proposed to model 
wolf position adaptation: 

𝑋⃗$ = 𝑋⃗α − 𝐴$1𝐷ll⃗ α2, 𝑋⃗* = 𝑋⃗β − 𝐴*1𝐷ll⃗ β2, 
𝑋⃗P = 𝑋⃗Q − 𝐴P1𝐷ll⃗ δ2, 

(46) 

𝐷α = m𝐶$𝑋⃗α − 𝑋⃗m, 𝐷β = m𝐶*𝑋⃗β − 𝑋⃗m, 𝐷β = m𝐶*𝑋⃗β − 𝑋⃗m (47) 

𝑋⃗(𝑡 + 1) = RS⃗ $/RS⃗%/RS⃗ .
P

, (48) 
where 𝑋2, 𝑋5 and 𝑋U are the position of α, β and δ wolves 
respectively, and 𝑡 is the current iteration, The vectors 𝐴 and 
C are computed as follows: 

r𝐴⃗ = 2𝑎⃗𝑟$ − 𝑎,lll⃗
𝐶 = 2𝑟⃗*,

 (49) 

where 𝑎⃗ is a set vector linearly decreases from 2 to 0 over 
iterations and 𝑟$, 𝑟* are random vectors in [0 1]. 

 
Fig. 3 – Flowchart of the GWO algorithm. 

7. PARTICLE SWARM OPTIMIZATION 
The particle swarm optimization algorithm is a meta-

heuristic algorithm that mimics the intelligence of bird 
swarms, fish schools, or bee swarms. In PSO, every particle 
is characterized by a position vector and a velocity vector. 
Each particle has its own intelligence and explores a search 
space around the best solution that it has achieved so far. The 
best value achieved for all the particle's fitness functions is 
known as the best global 𝑔𝑏𝑒𝑠𝑡 [18]. Additionally, particles 
are aware of the optimal position that all of them (as a 
swarm) have discovered thus far. The position and velocity 
vectors are updated by the following expressions: 
𝑉!"#$ = 𝑉!" + 𝑐$𝑟$(𝑃𝑏𝑒𝑠𝑡!" − 𝑥!") + 𝑐%𝑟%(𝑔𝑏𝑒𝑠𝑡 − 𝑥!"), (50) 

𝑥79/$ = 𝑥79 + 𝑣79/$. (51) 
where 𝑥79, 𝑣79, 𝑥79/$, and 𝑣79/$represent the position and 
velocity of particle 𝑖 at iterations 𝑘 and 𝑘 + 1, 
respectively; 𝑐$ and 𝑐* are the cognitive and social 
acceleration coefficients, respectively; 𝑟$ and 𝑟* are 
independent random numbers uniformly distributed in 

 

[0 1]; 𝑃𝑏𝑒𝑠𝑡7 is the best position previously found by 
particle 𝒊	(personal best); and 𝑔𝑏𝑒𝑠𝑡 is the best position 
found by the entire swarm (global best). 

 
Fig. 4 – Flowchart of basic PSO algorithm. 

8. THE HYBRID PSOGWO ALGORITHM 
Hybrid particle swarm grey wolf optimization is a type of 

hybrid meta-heuristic algorithm; it is constituted by the 
combination of the GWO and PSO algorithms. 

The principal idea behind the hybrid technique is to 
increase the exploitation capabilities of PSO by leveraging 
the exploration abilities of the GWO algorithm [19]. In this 
context, GWO identifies promising regions of the search 
space, while PSO refines the solutions based on a predefined 
convergence criterion. The objective of combining these 
abilities is to reach the global minimum faster. The 
mathematical model of the modified technique is given by:  

/
𝐷L = m𝐶$𝑋⃗L −𝑤 ∗ 𝑋⃗m,
𝐷6 = m𝐶*𝑋⃗6 −𝑤 ∗ 𝑋⃗m
𝐷Q = m𝐶P𝑋⃗Q −𝑤 ∗ 𝑋⃗m.

, (52) 

To combine PSO and GWO modifications, we can define 
the updated velocity and positions as 
𝑉79/$ = 𝑤 ∗ H𝑉79 + 𝑐$𝑟$1𝑥$ − 𝑥792 + 𝑐*𝑟*1𝑥* − 𝑥792 +

𝑐P𝑟P1𝑥P − 𝑥792J, 
(53) 

𝑥79/$ = 𝑥79 + 𝑣79/$. (54) 
The hybrid PSOGWO algorithm shows consistent 

convergence behavior, while its computational complexity is 
dominated by offline fitness evaluations and therefore does 
not affect real-time control implementation. 

The PSOGWO pseudo code is as follows: 
1 Initialization: The algorithm starts by setting 

parameters like population size, maximum iterations, 
and PSO/GWO-specific coefficients. The initial 
population (wolves/particles) is generated randomly, 
and their fitness is evaluated to identify the top three 
solutions (alpha, beta, delta). 

2 GWO Phase: In each iteration, the GWO parameters 
controlling exploration (like A and C) are updated. The 
wolves adjust their positions based on the leadership 
hierarchy (alpha, beta, delta), simulating the hunting 
behavior of grey wolves. 

3 PSO Phase: The updated positions from GWO are 
passed to PSO, where each particle adjusts its velocity 
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using its personal best and the swarm’s global best. 
This step introduces momentum to escape local optima. 

4 Fitness Evaluation & Hierarchy Update: New 
positions are evaluated, and the alpha, beta, and delta 
wolves are reassigned based on fitness. The loop 
repeats until the maximum number of iterations is 
reached. 

5 Termination: The algorithm returns the best solution 
(alpha) as the optimal result. 

9. SIMULATION RESULTS 
To verify the validity of the proposed SMC-PSOGWO 

technique, we used MATLAB with the parameters specified 
in Table 1. 

Table 1 
Parameter of DSIM. 

Rated power, 𝑃! 4500 W 
Rated voltage, 𝑉" (Δ/Y) 220 / 380 V 

Rated current, 𝐼" 6.5 A 
Rated frequency, 𝑓 50	𝐻𝑧 

Number of pole pairs, 𝑃 2 
Stator resistance, 𝑅#$ = 𝑅#% 3.72 Ω 

Rotor resistance, 𝑅! 2.12 Ω 
Stator inductance, 𝐿#$ = 𝐿#% 0.011	H 

Rotor inductance, 𝐿! 0.274	H 
Mutual inductance, 𝐿& 0.3672	H 
Friction coefficient, 𝐾' 0.08	N×m×s×rad($ 

Inertia machine, 	𝐽 0.0625	kg×m% 
In the hybrid PSOGWO algorithm, the population size is 

fixed at 15 for both PSO particles and GWO search agents, 
with a maximum of 60 iterations. The PSO inertia weight 
decreases linearly from 0.9 to 0.4, 𝑐$ = 𝑐* = 1.75, while the 
GWO control parameter 𝑎 is reduced from 2 to 0. 

Figure 5 shows the rotor speed response; we can remark 
that the speed follows its reference. This means that the 
speed estimation can be achieved by the proposed method. 

 
Fig. 5 – Rotor speed and its reference. 

Figure 6 illustrates the response of the electromagnetic 
torque; we can see that the torque pursues the reference 
torque, which is the load torque. 

 
Fig. 6 – Torque. 

Figure 7 shows the response of the rotor flux. The flux 
maintains a steady value of 1 Wb. 

 
Fig. 7 – Rotor flux. 

Figure 8 illustrates the stator current response; we can 
observe that the forms of the currents are sinusoidal with its 
value impacted by the variation of the load. 

 
Fig. 8 – Stator current. 

To demonstrate the performance of the proposed method, 
a comparative study with SMC-GWO and the conventional 
PI methods is shown in Figs. 9 and 10. The PI parameter is 
given by: 𝐾80& = 0.78, 𝐾70& = 3.13,	 𝐾80V& = 0.56	 and	
𝐾70V& = 1420. 

 
Fig. 9 – Rotor speed. 

 
Fig. 10 – Torque. 
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Figures 9 and 10 show the response obtained by three 
methods of the rotor speed and the electromagnetic torque, 
respectively. The proposed SMC-PSOGWO strategy proves 
superior performance compared to the SMC-GWO and the 
traditional PI methods in terms of response time, precision, 
robustness, and reduction of oscillations. 

10. CONCLUSION 
This paper investigates a sliding mode-based MRAS speed 

estimator for a DSIM drive. By utilizing the rotor fluxes from 
the voltage model observer as a reference, the MRAS 
technique effectively adapts the speed within the current 
model. The proposed sensorless SMC strategy incorporates 
three control variables: rotor speed, rotor flux, and stator 
currents. To enhance dynamic performance and robustness, 
the controller gains are optimally tuned using a hybrid 
PSOGWO algorithm. Simulation results demonstrate the 
effectiveness of the proposed sensorless SMC compared to 
those obtained using both SMC–GWO and conventional PI.  

Despite these improvements, certain limitations persist. In 
particular, the control performance is sensitive to variations 
in machine parameters, such as stator and rotor resistances, 
which may change during operation. Furthermore, the hybrid 
optimization approach increases the computational burden 
for real-time implementation. Future research will focus on 
developing an online parameter identification scheme to 
enhance robustness against thermal variations and 
conducting extensive experimental testing under a wider 
range of operating conditions. Finally, we intend to 
implement the algorithm to validate its industrial feasibility 
and extend the proposed technique to other multi-phase 
machine topologies. 
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