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Abstract—This paper describes an innovative BPANN-based
sensorless speed estimation scheme for a voltage source inverter-
based squirrel cage induction motor (VSI-SCIM) ASD based on
an indirect field-oriented control (IFOC). It is a. The VSI SCIM
drive controller is designed such that it precisely estimates speed
from equivalent circuit parameter data and d-q axis reactive
power during start and running conditions. It also eases the
errors in ECP and speed measurement due to the temperature
rise of the motor driver. The back-propagation algorithm-based
artificial neural network (BPANN) method is used for rapid
tuning of the gains of the PI controller and predicting these
values under operating mode. For rapid tuning of BPANN, the
adadelta rule is used. The simulation result under MATLAB and
the prototype model of VSI-SCIM drive controller, with a DSP-
based microcontroller, illustrate the efficiency of the suggested
algorithm under various operating conditions.

Index Terms—Speed Estimation, Sensorless, IFOC-VSI-SCIM,
BPANN, Adadelta, PI Controller

I. INTRODUCTION

Sensorless vector control of induction motor drive is used
to describe the utilization of a vector control scheme on the
IM without the need for a speed sensing device [1]. Space
vector modulation-based vector control is primarily used in
high-end ASD with IM motor drive systems, where accurate
rotor position/speed estimation is needed for better dynamic
performance as well as efficiency [1]. Inclusion of a shaft-
mounted incremental speed sensor (commonly optical en-
coders) contributes to the cost and sophistication, and degrades
the reliability of drive systems. Optical sensors used for speed
measurement can provide erroneous results when they are not
compatible with the high-speed DSP-based microcontroller,
especially when there is continuous variation in speed. As
a result, industries are using vector control systems without
mechanical speed sensors. More numerous techniques, such as
the extended Kalman filter, model reference adaptive systems,
slot harmonics, slip estimation method, and auxiliary signal
injection, can be used to measure speed [5]–[9].

These complex speed estimation methods are based on vari-
ations in motor equivalent circuit parameters. So, an efficient
method for the estimation of the ECP is also required for this
method to work well [5]–[9].

The temperature fluctuation effect is pronounced in the
stator and rotor resistances and will cause inaccurate speed es-
timation and detune the vector control logic. The temperature
fluctuation is caused by environmental change, the presence of
harmonics, and overloading, since all change with these [7].

Therefore, temperature compensation of these resistances
is necessary. Numerous techniques are suggested, such as dc
signal injection, ac signal injection, the Goertzel algorithm
to complex current and voltage space vectors, and thermal
observers, voltage disturbance observers, etc., to estimate
stator resistance or the temperature [7].

These have motivated the proposal of a BPANN-Adadelta-
based speed estimation technique to estimate accurately from
equivalent circuit parameters and reactive power in the d-q
reference frame, without using a sensor [12].

The ECPs are estimated as in [12]–[14]. The proposed
method for speed estimation here estimates the speed from
the reactive power of the d-q model of the induction method.
The PI controller is present in the slip flow path of the
dynamic model of the IFOC-based VSI SCIM Drive. These
PI controllers are tuned using the BPANN algorithm [2]–[4].
Application of the Adadelta method allows the adjustment of
the ANN weight parameters at a faster convergence rate, so
that adjusting is performed during motor starting, irrespective
of motor capacity [8]–[10]. For the start transient initiation, the
nameplate information, voltage, and current feedback signals
are employed. For eliminating the effect of temperature fluc-
tuation, the small signal injection technique has been applied
as stated in [13]. The performance of the proposed algorithm
has been compared with Gradient Descend method and ZN
Method. In addition to the above, a machine monitoring unit
(MMU) is also implemented that interacts with the DSP-based
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microcontroller and shows all the machine ECPs, nameplate
data, sensed voltage, current, estimated and reference speed,
and temperature during stalled and running conditions. The
results show that this method can estimate the speed of the
IFOC-based SCIM Drive accurately.

II. BASIC PRINCIPLE FOR SENSORLESS SPEED
ESTIMATION OF VSI-SCIM DRIVE

The IFOC-based controller design is based on the per-phase
d-q equivalent circuit of the SCIM, as shown in Fig. 1. The
equations that are utilised for the development of the IFOC-
based controller are given in (1-4). The reference of stator
currents in the d-q axis is derived using equations (1) and (2)
[12], [13].

Ψr = Lmi
∗
ds (1)

Te ≜
3

2

p

2

Lm

Lr
Ψri

∗
qs, i∗qs =

TeG2

i∗ds
, G2 =

4Lm

3pL2
m

(2)

Where Te is torque, ψr is the flux of the rotor, and p stands
for the number of poles. G1 and G2 represent the gains of the
flux and torque flow path, respectively. In IFOC, ψdr = ψr and
ψqr = 0. The gain G3 is used to generate the slip speed ωsl

according to equation (3), which is further utilized to generate
a unit vector of axis transformation according to equation (4).

G3 = ωsl =
1

Tr

i∗qs
i∗ds

, Tr =
Lr

Rr
(3)

θs ≜
∫
ωsdt (4)

Fig. 1. Per Phase equivalent circuit of an SCIM

Where Rs, Rr are the stator and rotor resistances, respec-
tively, and Xs and Xr represent the per-phase inductances. The
performance of the IFOC scheme depends upon the ECPs’
estimation and calculation of speed. The rotor speed may
fluctuate due to fluctuation in load, a change in the time
constant because of a temperature rise, as the time constant
(Tr = Lr/Rr) inversely varies with Rr [12]. A temperature
rise tends to increase the stator and rotor copper losses Pscl,

Prcl, thus raising the overall loss, Ploss. Hence, if the supply
voltage Vs and the output power (Pout) remain constant, IM
will draw more power from the input, for which the motor
efficiency will be reduced, and the stator and rotor currents (Is,
Ir) will increase [12], [13]. Under steady operating conditions,
when the motor starts to accelerate, the Te becomes maximum
at slip sm, as shown in equation (5).

ωr = ωs

(
1− smTe

2Tem

)
, sm =

Rr

Ls + Lr
(5)

At steady state, the d-q axis voltages can be expressed as
in equations (6) and (7), at a constant flux.

v∗ds = Rsi
∗
ds − ωsσLsi

∗
qs, σ = 1− L2

m

LsLr
(6)

v∗qs = Rsi
∗
qs + ωsσLsi

∗
ds (7)

The reactive power in the d-q axis is expressed as in
equation (8)

Q1 = vqsids − vdsiqs (8)

By substituting the value of v∗ds and v∗qs in equation (8), the
reference value of the reactive power is

Q∗
1 = ωs

(
Lsi

∗2
ds + σLsi

∗2
qs

)
(9)

Thus, by comparing equations (8) and (9), we get

ωs =
vqsids − vdsiqs
Lsi∗2ds + σLsi∗qs

(10)

Accordingly, the shaft speed is estimated by

ωr = ωs − ωsl, ωsl =

(
Kpsl +

Kisl

s

)
(G∗

3 −G3) (11)

The ω∗
sl can be estimated from the i∗qs and i∗ds, and ωsl

can be estimated from iqs and ids. Hence, G∗
3 and G3 are

evaluated.
To guarantee correct estimation of the ωsl, a PIsl controller

of gain kpωsl, kiωsl is proposed as in equation (11). The
schematic of the speed estimation process is depicted in Fig.
2. The PI controller in this case is also trained with the
BPANN algorithm. For precise estimation of speed, estimating
the ECPs before start and also in running condition is also
necessary, which has been fully discussed in [12], [13]. The PI
controller has been tuned with Gradient Descend method (GD)
first. Since GD method does not have capability to adapt the
learning rate so it could not provide satisfactory result which
was efficiently achieved by adadelta method.

Authorized licensed use limited to: Techno India University. Downloaded on April 23,2026 at 05:03:00 UTC from IEEE Xplore.  Restrictions apply. 



III. CALCULATION OF THE Kpsl AND Kisl USING BPANN

The equation of PI controller is shown in equation (12)

u(t) = Kpe(t) +Ki

∫
e(t)dt (12)

Where the error between the slips is e(t), Kp and Ki are
the gain parameters of the controller, which need to be tuned.
For the design of a BPANN-based PI Controller, the above
structure has been utilized. For gain tuning, the FOPDT so
chosen is of 1st order as

G(s) =
K

Trs+ 1
e−Ds (13)

where K = process gain, τ = time constant, D = delay.
For implementing it in BPANN, the following architecture has
been used for each gain parameter:

TABLE I
BPANN ARCHITECTURE

Parameter Value/Type
Input Three neurons
Output Two neurons
1st Hidden Layer Four neurons
2nd Hidden Layer Two neurons
Training algorithm Adadelta for faster convergence
Activation Function Leaky Relu
Total time taken 140µs

The difference between G∗
3 and G3 is considered as the

error ‘ej’. The inputs jth neurons are mapped to every neuron
of the 1st hidden layer by their respective weights wnj , which
have been randomly chosen for where n represents the number
of weights. The neuron of the 1st hidden layer is expressed as
in equation (14):

h11j
h12j
h13j
h14j

 =


w1j w2j w3j

w4j w5j w6j

w7j w8j w9j

w10j w11j w12j


ej1ej2
ej3

 (14)

Similarly, for the 2nd layer:

[
h21j
h22j

]
=

[
w13j w14j w15j w16j

w17j w18j w19j w20j

]
s11j
s12j
s13j
s14j

 (15)

This BPANN architecture minimized the vanishing gradient
and exploding gradient problems. Its performance also de-
pends upon the appropriate choice of the activation function,
loss function, learning rate (η), and optimization algorithm.
Hence the activation function Leaky Relu is used, mathemat-
ically formulated as:

f(x) =

{
x x > 0

0.01x x ≤ 0
(16)

Adadelta optimization algorithm is chosen for faster con-
vergence as weight updation method [12]–[14]. If learning
rate η is too small, the convergence time will become large,
whereas for large η, it can retard convergence, which can lead
to oscillations around the minima or could diverge, which has
been overcome by the selection Adadelta method. The outputs
[Kpslj ,Kislj ] are evaluated using equation (17):[

Kpslj

Kislj

]
=

1

2

[
w21j w22j

] [s21j
s22j

]
(17)

wn+1 = wn − η√
ε+ rn

gn, rn =

n∑
τ=1

g2τ , gn =
∂E

∂wn

(18)
Where rn is the sum of the squared terms of the gradients

gτ . Here, the η declines sharply, and it will also reach zero
[12], [13]. Thus, to eliminate this, a window size wd is given
for squared gradient terms, and this variant of Adagrad is
referred to as Adadelta. The equation (18) is therefore altered
as:

wn+1 = wn − η√
γ + rwd

n

gn (19)

The value of rn can be expressed as:

rn =

n∑
τ=1

wd∑
τ=1

pg2τ , p = (τ − wd) = 1, p ≥ 1, p = 0 (20)

Therefore, adadelta is a refined version of the adagrad
algorithm that eliminates its biggest drawbacks. Therefore, this
algorithm is applied in comparing the Kpsl and Kisl values
initially, and they are updated while executing the conditions.
Loss or error functions E for each of the jth parameters is
depicted in equation (21), which are minimized by applying
the adadelta rule. The weights are recalculated in a back
propagation approach:

E =
1

N

∑{
(Kpslj −Kpslt)

2 + (Kislj −Kislt)
2
}

(21)

Initially, the values obtained for the Z-N Methods are used
as target values. Once the BPANN model is tuned, it becomes
capable enough to predict the output.

IV. RESULTS

The feasibility of the controller design as proposed by the
Adadelta algorithm is tested in two stages: (i) initially, the
complete speed estimation scheme is simulated in the MAT-
LAB/Simulink environment. (ii) Then the scheme is realized
in a prototype system of VSI-SCIM drive with a graphical
user interface for parameter observation tasks referred to as
Machine monitoring unit (MMU). For the development of
the hardware, a digital signal processor (DSP) compatible
microcontroller (DSPIC30F4011) is used, which is based on
cutting-edge hardware capable of processing information at 30
MIPS, as indicated in Fig. 4.
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Fig. 2. Schematic of the proposed Speed Estimation Scheme

The required power modules of IGBT and driver circuits
are used to supply the regulated input voltage to the motor.
The SVM trigger pulses required are taken from the DSPIC
controller, which runs at a frequency of 10 kHz to generate
the specified voltage and frequency [12]–[14]. The firmware
is coded in a way such that it can make all the measurements,
calculate errors, and take required corrections as and when
required to produce the desired SVM signals according to the
algorithm proposed. The SVM duty cycles are then set in the
subsequent cycle, at 200 µs. The firmware also sends all the
data that is analyzed to a PC through its serial communication
at 76.8 kbps to the MMU [12]–[14]. It also sends back
feedback signals from the Hall voltage, Hall current, optical
speed, and temperature feedback units, etc. The demand speed
and name plate data are received by the microcontroller from
the MMU.

The estimated speed is provided for a broad range of
reference speeds in Table IV. The above is confirmed by using
the speed estimated by an optical sensor that is fixed on the
rotor shaft of the motor. The sensored and sensorless control
percentage error is calculated, and it is confirmed that the
sensorless control can be used equally to estimate the speed.
Fig. 3 illustrates that the proposed method’s speed estimation
is consistent with the reference speed even when the speed is
of a varying nature. The PI controllers are first tuned using the
Z-N Method and GD method, and subsequently trained using
the BPANN-Adadelta method.

The value of the tuned gain parameters has been tabulated
in Table II. The variation of speed has been shown in Table
III with the variation of rotor resistance which has varied with
temperature. It also shows that the modulation index of the
SVM-based pulse with the modulation scheme also changes.

V. CONCLUSION

This work presents the design of speed sensorless induction
motor drive controller to estimate speed without using a

Fig. 3. Speed response of 3.7 kW SCIM. Estimation of speed by the proposed
sensorless scheme, even when the speed varies.

TABLE II
TRANSIENT RESPONSE OF PI CONTROLLER GAIN TUNING DONE

INITIALLY WITH Z-N METHOD AND THEN WITH THE PROPOSED SCHEME
AFTER TRAINING

Method Kp Ki Mp Tp Ts
Z-N 10.27 36.35 30 0.1 0.2
BPANN-
based
Gradient-
Descend

10.28 23.42 10.65 0.1 0.174

BPANN-
based
proposed
method

10.23 10.21 4.62 0.1 0.12

speed sensor. Adadelta-based BPANN Algorithm is used for
estimation of PI Controller gain parameters. It has been seen
from Table II that time response has been improved with
PI controller gain parameters estimated by using BPANN
adadelta-based technique. It has been seen from Table IV that
the speed estimated in real-time is very accurate. Table III
also reflects that transient response criteria changes with the
change of Rr with temperature. Fig 3 demonstrates that speed
estimated using the PIsl estimated by BPANN algorithm
tracks the desired speed as well as changes as per it. Hence,
it can be asserted that speed estimation is accurate in running
mode, and the IFOC logic will not get detuned. Hence, this
approach can be adopted for estimation in running conditions.

Future research may extend the BPANN–Adadelta-based
speed estimation framework by incorporating hybrid optimiza-

TABLE III
EFFECT OF RR CHANGE ON SPEED AS ROTOR RESISTANCE CHANGE WITH

TEMPERATURE

T Rr Ls τr ωr Nr M
T+10 1.84 0.1702 0.09239 147.0462 1404.9 0.8
T+20 1.91 0.1702 0.0894 146.711 1401.7 0.811
T+30 1.98 0.1702 0.0879 146.507 1339.75 0.824
T+40 2.01 0.1702 0.0865 146.314 1397.91 0.827
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TABLE IV
ESTIMATION OF SPEED WITH THE PROPOSED SENSORLESS SCHEME

Demand
Speed

(Nr*) in rpm

Speed Estimated
Using Proposed BPANN

Method (Nr1) in rpm

Speed evaluated by
Optical sensor(Nr2)

in rpm

%Error
(Nr-Nr1)

%Error
(Nr-Nr2)

400 399.86 400 0.035 0
600 600.2 601 -0.033 0.1
800 799.71 800 0.03 0

1000 1000.2 1000 0.02 0
1200 1199.5 1201 0.041 0.1
1400 1400.3 1400 -0.02 0

Fig. 4. Prototype model of 3.7 kW IFOC-based VSI SCIM.

tion and ensemble learning strategies to enhance convergence
speed and estimation robustness. Inspired by intelligent op-
timization methodologies presented in [15] and [16], adap-
tive hyperparameter tuning and hybrid metaheuristic–gradient
learning mechanisms could be integrated to improve sensorless
SCIM speed estimation accuracy under parameter variations
and load disturbances. Such intelligent augmentation may
strengthen real-time stability and generalization performance
in practical drive systems.
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