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Abstract 

This paper introduces a speed sensorless Dual Field-Oriented Control (DFOC) strategy for induction 

motors (IM). DFO combines the advantages or rotor-and stator-field orientation to significantly 

reduce the parameter sensitivity of the control regarding the generation of the converter control 

variable. A simplified structure is also proposed, using only two regulators for the flux and speed 

control, eliminating the two current regulators. Related to sensorless control, the classical adaptation 

mechanism within the MRAS (Model Reference Adaptive System) observer has been replaced with 

artificial intelligence (AI)-based approaches. Specifically, artificial neural networks (ANN) and 

recurrent neural networks (RNN) are employed for rotor speed estimation. The effectiveness of the 

proposed sensorless control scheme is validated through both simulation and real-time 

implementation. The results demonstrate that ANN- and RNN-based observers, as deep learning 

models, provide reliable and accurate rotor speed estimation under various operating conditions. 

Keywords: artificial intelligence; deep learning; field-oriented control; sensorless control; induction 

machine 

 

1. Introduction 

In adjustable AC drive applications, vector control is mainly used due to its exceptional dynamic 

performance in terms of response to rapid speed and torque variations. This is achieved by the 

independent control of the motor flux and torque, based on the analogy with the DC machine, where 

the magnetization is controlled by the excitation current, while the motor torque is determined by 

the armature current. For the AC machines, the stator current is decoupled in flux producing 

(reactive) and torque producing (active) components, based on the Field-Orientation Principle [1,2]. 

This leads to optimal performance regarding speed control in a wide range also for variable load 

conditions. Best performance can be obtained by using Rotor Flux Control (RFC) and Rotor-field 

Orientation (RFO). At constant rotor flux the characteristics of the induction motor become linear and 

there is a perpendicularity between the rotor current and rotor flux space phasors. The simplest 

vector control structure for IM is obtained when it's powered through a current-controlled voltage-

source inverter (VSI), that leads to a simple control structure, that won’t depend on the motor 

parameters to generate the converter control variable, i.e. the stator current, because it is provided by 

the flux and speed controllers [3,4]. However, most applications use Pulse-Width Modulated (PWM) 

VSI with proper voltage control (sinusoidal PWM or Space-Vector PWM), that require two current 

controllers and a voltage computation block which depends on the motor parameters, if it’s 

performed in RFO-ed coordinates. 

There are several known issues of the FOC that may affect the overall performance. One is 

related to the parameter sensitivity that require an accurate identification of the motor parameters, 

that are affected by temperature changes (especially the rotor resistance in a wide range, affecting 

also the rotor electrical time constant), magnetic saturation or the natural aging process [3–6]. Another 

issue refers to the rotor flux identification both for Indirect Field Orientation (IFO) regarding the 
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initial position of the rotor flux that is not known [7] and for the DFO-based procedures where 

inaccuracies may appear due to the parameter dependency, or back-emf-related problems at low 

speed [8]. 

In this paper the first objective consists in the reduction of parameter dependency related to 

generation of the voltage control variable for the VSI. For this purpose, the reference stator voltage 

will be computed in Stator-Field-Oriented (SFO) coordinates, in which the equations are much 

simpler than for the RFO and as for the motor parameters, only the knowledge of the stator resistance 

is required. This leads to Dual-Field-Orientation, where the RFC is maintained, and the current 

control variables are generated using RFO, then, for the reference stator voltage computation SFO is 

used [9]. Further simplification consists in renouncing on the two current controllers, that will lead 

to a novel approach regarding the reference voltage computation. 

In sensorless speed applications, the main issue is the rotor speed estimation. Eliminating 

physical sensors like encoders or tachometers, automatically decreases hardware costs and simplifies 

the control strategies of the induction motor. There are different techniques for estimating the IM 

speed and its rotor flux [10]. Each sensorless speed estimation technique has specific characteristics, 

merits and drawbacks. In [11] there is a comparison between each technique with the possibility to 

select the best sensorless speed estimation technique for IM drive to be implemented based on a 

specific application. The comparison criteria for different speed estimation techniques were the 

steady state error, dynamic behavior, low speed operation, parameter sensitivity, noise sensitivity, 

complexity and computation time. In [12] is another summary of the properties for some techniques 

leveraged by the weaknesses, main contributions, and strengths. These techniques can be classified 

as: 

1. Model-based methods. These procedures use the mathematical model of the motor to estimate 

the speed. Model-based methods can be classified in Observer-based methods like Luenberger 

Observer [13,14], Extended Kalman Filter [15,16], Sliding Mode Observer [17,18] and MRAS 

[19,20]; 

2. Signal injection methods. These techniques are used particularly at low or zero speeds [21];. 

3. Frequency-Domain and Spectral Analysis Methods. These techniques are using Fast Fourier 

Transform to extract speed-related harmonics [22,23]; 

4. AI-based methods, like ANNs or RNNs [24] and fuzzy logic [25,26], that use machine learning 

techniques to model and predict rotor speed. 

2. Dual-Field Oriented Control of the Induction Machine 

The proposed speed-sensorless vector control structure for a PWM-VSI-fed IM based on DFO is 

shown in Figure 1. 
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Figure 1. Speed-sensorless vector control structure of a VSI-fed induction motor with DFO. 

Most variable frequency drives currently available on the market support only voltage-

controlled VSI structures, such as sinusoidal SV-PWM or Sinusoidal PWM, and do not accommodate 

current-controlled implementations. In RFO-based structures with voltage-controlled VSI, the 

calculation of voltage command variables is very complex and dependent on motor parameters, 

meaning that the control system performance will be affected by stator and rotor resistances, rotor 

time constant, stator and rotor leakage coefficients [27]. This problem is solved through SFO, which 

leads to a much simpler structure in terms of calculating command quantities. In this case, the 

command quantities depend only on the stator resistance. For these reasons, a newer control strategy 

based on dual field orientation was developed [9]. The idea of dual orientation of IM resulted from 

studying control structures based on rotor flux and stator flux orientation, obtaining a control 

structure that eliminates the mentioned disadvantages while maintaining the advantages of both 

types of orientations, resulting in the principle of dual field orientation of IM [9]. It uses RFC and 

RFO to generate the current space-phasor components (the flux and the torque producing ones), and 

SFO to calculate the reference voltage, performed by the voltage computation block UsC. 

As is shown in Figure 1, the flux and speed controllers generate the reference stator-current 

space phasor components 𝑖𝑠𝑑𝜆𝑟
𝑟𝑒𝑓  and 𝑖𝑠𝑞𝜆𝑟

𝑟𝑒𝑓  in RFO-ed coordinates (𝑑𝜆𝑟 − 𝑞𝜆𝑟) , followed by the 

transition from RFO to SFO by means of the Coordinate Transformation block (CooT) that uses the 

phase shift between the rotor flux space phasor Ψ𝑟 and stator flux space phasor Ψ𝑠, as follows: 

𝑖𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

= 𝑖𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

cos(𝜆𝑠 − 𝜆𝑟) + 𝑖𝑠𝑞𝜆𝑠
𝑟𝑒𝑓

sin(𝜆𝑠 − 𝜆𝑟) 

𝑖𝑠𝑞𝜆𝑠
𝑟𝑒𝑓

= −𝑖𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

sin(𝜆𝑠 − 𝜆𝑟) + 𝑖𝑠𝑞𝜆𝑠
𝑟𝑒𝑓

cos(𝜆𝑠 − 𝜆𝑟) 
(1) 

where the sin and cos functions of the (𝜆𝑠 − 𝜆𝑟) phase shift are computed in the ϑ(λs-λr) block, where 

ϑ denotes the trigonometric operator. 
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The stator-flux is computed based on the open-loop voltage model in stationary reference frame 

(d-q), by integrating the back e.m.f. Then, the rotor flux components are computed by considering 

the stator and rotor leakage fluxes in block Ψs ΨrCo. The vector analyzer VA is used to compute the 

magnitude of the flux space phasor and its position related to the stator-fixed reference axis. 

Classically, if the VSI is controlled by feed-forward voltage PWM, a vector control structure 

contains four regulators: flux and speed regulators (which generate the stator current space-phasor 

components), and current regulators in both control loops that will generate the voltage command 

signals. The voltages generated by the current regulators don’t contain the emf components 𝜔Ψ𝑠𝑞𝜆𝑠 

and 𝜔Ψ𝑠𝑑𝜆𝑠  that represent the electro-magnetic cross-effect in the machine, where  is the rotor 

electrical angular speed. The voltage computation block adds these terms to generate reference 

voltage components. Also, by doing this, the two decoupled control loops are recoupled, by which 

the natural phenomena occurring in the machine are considered. 

In this paper a different approach is adopted to compute the reference voltage components 𝒖𝒔𝒅𝝀𝒔 

and 𝒖𝒔𝒒𝝀𝒔 by renouncing on the two current controllers, obtaining a simplified control structure. 

The UsC block performs the reference voltage computation in SFO-ed coordinates based on the 

following relations:  

𝒖𝒔𝒅𝝀𝒔 = 𝑹𝒔𝒊𝒔𝒅𝝀𝒔 +
𝒅𝚿𝒔𝒅𝝀𝒔

𝒅𝒕
−𝝎𝚿𝒔𝒒𝝀𝒔 = 𝑹𝒔𝒊𝒔𝒅𝝀𝒔 + 𝒆𝒔𝒅𝛌𝒔 

𝒖𝒔𝒒𝝀𝒔 = 𝑹𝒔𝒊𝒔𝒒𝝀𝒔 +
𝒅𝚿𝒔𝒒𝝀𝒔

𝒅𝒕
+𝝎𝚿𝒔𝒅𝝀𝒔 = 𝑹𝒔𝒊𝒔𝒒𝝀𝒔 + 𝒆𝒔𝒒𝛌𝒔 

(2) 

where the back e.m.f. components 𝑒𝑠𝑑λ𝑠 and 𝑒𝑠𝒒λ𝑠 results from the e.m.f. identification block esId by 

applying a coordinate transformation with angle 𝜆𝑠 on the components 𝑒𝑠𝑑 and 𝑒𝑠𝒒 (computed in 

stator-fixed in stationary reference frame). This approach provides a simpler method for calculating 

the reference voltage for PWM-VSI control compared to traditional rotor-field-oriented control 

structures, with reduced parameter sensitivity since only the stator resistance is required. 

3. Sensorless Control  

The flowchart of the speed sensorless control procedure presented in Figure 2 is applicable for 

all investigated speed sensorless techniques during this research. The procedure is initiated and will 

be concluded when the objective is met. The objective was to accurately estimate the speed of the 

induction motor. If this is not achieved, fine-tuning methods are applied to readjust the structure, 

and the procedure resumes. 

Simulations were performed for the following cases: 

1. Sensorless vector control structure of IM with DFO containing MRAS estimator in the loop; 

2. Sensorless vector control structure of IM with DFO, where the speed was estimated based on 

ANN; 

3. Sensorless vector control structure of IM with DFO, where the speed was estimated based on 

RNN. 
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Figure 2. The flowchart of the speed sensorless procedure. 

3.1. MRAS-Based Procedure 

Accurate control and high efficiency in sensorless speed estimation for induction motor drives 

depend on the selection of an optimal estimation method. Based on the comparison in [11], estimation 

methods utilizing adaptation mechanisms provide a well-established classification related to steady-

state accuracy and algorithmic complexity. These use a reference model (the mathematical model of 

the system) and an adjustable model, a procedure known as the MRAS. The second element of 

originality consists in the development of a vector control structure incorporating a rotor speed 

estimation method for dual field-oriented IM. 

The rotor speed is estimated using only the stator voltage and current. There are many recent 

research studies on this topic [28,29], and [30]. Based on that, the study and simulation of the 

sensorless vector control structure of IM was performed DFO containing a MRAS estimator in the 

loop. 

In the rotor flux-based MRAS, the rotor flux corresponding to the Reference model is identified 

using only the measured stator currents and voltages. First, stator flux is identified based on the open 

loop voltage model, by integrating the back-e.m.f. components 𝑒𝑠𝑑,𝑞 induced in the stator windings, 

in stationary reference frame (d-q): 

𝑒𝑠𝑑,𝑞 = (𝑢𝑠𝑑,𝑞 − 𝑅𝑠𝑖𝑠𝑑,𝑞) (3) 

Ψ𝑠𝑑,𝑞 = ∫𝑒𝑠𝑑,𝑞𝑑𝑡 (4) 

Then, the air-gap flux is obtained by extracting the stator leakage flux: 

Ψ𝑚𝑑,𝑞 = (Ψ𝑠𝑑,𝑞 − 𝐿𝜎𝑠𝑖𝑠𝑑,𝑞) (5) 

where 𝐿𝜎𝑠 is the stator leakage inductance and 𝐿𝜎𝑠𝑖𝑠𝑑,𝑞=Ψ𝜎𝑠𝑑,𝑞 represent the stator leakage flux d and 

q components. Finally, the rotor flux components in stationary coordinates are given by 
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Ψ𝑟𝑑,𝑞 = (1 + 𝜎𝑟)Ψ𝑚𝑑,𝑞 − 𝐿𝜎𝑟𝑖𝑠𝑑,𝑞 (6) 

where 𝜎𝑟 is the rotor leakage coefficient and 𝐿𝜎𝑟 the rotor leakage inductance. 

The estimated rotor flux results at the output of the Adjustable model block, based on the 

following expression [3]: 

𝑑Ψ̂𝑟𝑑,𝑞

𝑑𝑡
= 𝑗𝜔̂𝑟Ψ̂𝑟𝑑,𝑞 −

1

𝜏𝑟
Ψ̂𝑟𝑑,𝑞 +

𝐿𝑚
𝜏𝑟

𝑖𝑠𝑑,𝑞 (7) 

The rotor speed error is a difference between the estimated rotor flux and the rotor flux from the 

Reference model. The estimated rotor speed is expressed as [3]: 

𝜔̂𝑟 = 𝐾𝑝(Ψ𝑟𝑞Ψ̂𝑟𝑑 −Ψ𝑟𝑑Ψ̂𝑟𝑞) + 𝐾𝐼(Ψ𝑟𝑞Ψ̂𝑟𝑑 −Ψ𝑟𝑑Ψ̂𝑟𝑞)𝑑𝑡 (8) 

The estimated rotor speed results at the output of the Adaptation mechanism block. Based on the 

preceding discussion, Figure 3 depicts the structure of the MRAS architecture employed for rotor 

speed estimation, that is also illustrated in Figure 1. 

 

Figure 3. The MRAS model for speed estimation. 

Classically, the Adaptation mechanism block contains a PI controller. In this context, fine-tuning 

methods focus on the accurate adjustment of the proportional and integral parameters of the 

controller used for speed estimation. For this controller configuration, the proportional gain (P) was 

set to 70, while the integral gain (I) was assigned a value of 40. During the simulation a speed profile 

was applied with the following set values: 

 [80, 150, 297, -80, -150, -297] rad/s, with a changing rate of 600 rad/s2. 

As for the load torque, a linear speed-dependent profile is adopted, between no-load torque of 

1.05 Nm at zero speed and nominal torque of 15.8 Nm at 297 rad/s corresponding to the nominal 

rotor electrical angular speed. The induction motor model parameters used are given in Table I. 

Table 1. Induction motor parameters. 

Parameter Value 

Rated Power 2.2 kW 

Pole pairs (Zp) 2 

Inertia (J) 0.0200 kg.m2 

Stator Inductances (Ls) 0.266 H 

Rotor Inductances (Lr) 0.260 H 

Magnetizing Inductances (Lm) 0.249 H 

Stator Leakage Inductances(Lσs) 0.017 H 

Rotor Leakage Inductances (Lσr) 0.011 H 

Stator Resistance (Rs) 2.918 Ω 

Rotor Resistance (Rr) 2.7 Ω 

Based on the control structure from Figure 1, simulations were performed in Matlab/Simulink 

environment. The simulation results with MRAS are shown in Figure 4. 
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(a) The rotor flux amplitude: the reference value Ψ𝑟

𝑟𝑒𝑓
and 

the estimated value Ψ̂𝑟. 

(b) The estimated rotor-flux space phasor 

trajectory. 

  
(c) The rotor electrical angular speed: reference ref, 

estimated est and model-based calc. 

(d) The rotor electrical angular speed at 

starting: reference ref, estimated est and 

model-based calc. 

  
(e) The rotor electrical angular speed at transition from 

150 rad/s to 297 rad/s: reference ref, estimated est and 

model-based calc. 

(f) The rotor electrical angular speed at 

transition from 297 rad/s to -80 rad/s: reference 

ref, estimated est and model-based calc. 

Figure 4. Simulation results for MRAS procedure. 

The obtained simulation results are analyzed both from point of view of the speed estimation 

procedure and of the response of the speed and flux control loops. Figure 4 (a) and (b) representing 

the flux magnitude and the corresponding space-phasor trajectory shows that the rotor flux control 

loop has a good response, having a settling time of 0.03s with practically no steady-state error and it 

is also robust to the speed variations. 

Regarding the rotor speed (c, d, e, f), the estimated value matches with the one provided by the 

motor model for steady state operation and also during transients. The reference speed tracking also 

shows good performance overall, with a slight delay around the nominal value (e). Note that the 

speed-dependent load torque profile affects the process dynamic. The PI speed controller was tuned 
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to perform relatively well in a speed-range from 0 to 300 rad/s in both directions, including speed 

reversal under load conditions. 

The configuration parameters used in the simulation of the classical MRAS method, including 

the speed and flux controllers, as well as the PI controller within the speed estimator, serve as the 

baseline for training the ANN and RNN-based models. 

3.2. ANN-Based Procedure 

In recent decades, AI techniques have gained significant attention in control systems due to their 

effectiveness in handling nonlinear and complex processes. Unlike traditional methods, AI 

approaches do not require explicit mathematical models of input-output relationships and are less 

sensitive to integration-related issues that could compromise system stability.  

Another contribution is creating a vector control structure with rotor speed estimation through 

an ANN. In the literature, it is some recent research related to ANN-based speed estimation methods 

[31,32]. The novel structure estimates the speed using both the speed error and its integral, rather 

than relying solely on the speed error. The advantages of AI-trained controllers stand from their 

superior performance in nonlinear systems compared to traditional PI controllers. In structures with 

classical PI controllers, maintaining optimal performance in systems with time-varying dynamics is 

reduced, and manual readjustment is often necessary, which is time-consuming and impractical in 

real-time applications. The ANN learns the relationship between input characteristics (e.g., error and 

error variation) and optimal controller parameters. This allows ANN-PI to automatically adapt to 

time-varying conditions without manual intervention. 

ANN can be trained in a wide range of operating conditions and disturbances, making it capable 

of efficiently managing a larger domain of speeds. It provides more flexible and stable control for 

highly nonlinear or high-dynamic systems, specifically for vector-controlled AC electric drive 

applications. 

In the structure of the ANN presented in Figure 5 there are 4 layers used for training, one for 

input, one for output, and another two hidden layers between them, one with 15 neurons and the 

other with 10 neurons.  

 

Figure 5. The structure of the ANN. 

The ANN training parameters are described in Tabel 2, with training algorithm: 

 trainscg (scaled conjugate gradient), because it uses less memory. For the activation functions logsig 

(log-sigmoid), tansig (Hyperbolic Tangent Sigmoid), and purelin (Linear) functions are used. 

Table 2. The ANN training parameters. 

Learning rate 0.02 

Value of momentum 0.075 

Training epochs 300 

Goal 1e-10 
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The corresponding training tool is presented in Figure 6. 

 

Figure 6. The ANN training tool interface. 

The training performance and the resulting regression plot are shown in Figure 7: 

  
(a) (b) 

Figure 7. (a) The training performance; (b) The regression plot. 

Based on Figure 7(a), the Mean Squared Error (MSE) is 0.49 at epoch 300, and on Figure 7(b) 

where the regression is R=1 that indicates a perfect fit for the whole speed range between -300 to 300 

rad/sec, it results an excellent training performance. 

Based on the control structure from Figure 1, simulations were performed in Matlab/Simulink 

environment, in which the Adaptation mechanism the ANN option is selected, that uses a Simulink 

Neural Network block generated using the gensim Matlab function. 

The simulation results with ANN are presented in Figure 8, for the same conditions regarding 

the speed and load-torque profiles as for MRAS procedure. 
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(a) The rotor flux amplitude: the reference value 

Ψ𝑟
𝑟𝑒𝑓

and the estimated value Ψ̂𝑟. 

(b) The estimated rotor-flux space phasor 

trajectory. 

  
(c) The rotor electrical angular speed: reference ref, 

estimated est and model-based calc. 

(d) The rotor electrical angular speed at 

starting reference ref, estimated est and model-

based calc. 

  
(e) The rotor electrical angular speed at transition from 

150 rad/s to 297 rad/s: reference ref, estimated est and 

model-based calc. 

(f) The rotor electrical angular speed at 

transition from 297 rad/s to -80 rad/s: reference 

ref, estimated est and model-based calc. 

Figure 8. Simulation results for ANN procedure. 

Based on the same criteria as for the MRAS procedure, the analysis of the ANN procedure led 

to the following observations: the flux response shows an overshoot at the beginning of the motor 

starting process, visible in Figure 8 (a) and (b), with settling time of 0.06s that is also acceptable, while 

the spikes during speed transients are insignificant. As for the speed response, there is also an 

overshoot at some of the speed transients, with greater values at low speed (around 6% at 80 rad/s as 

seen in Figure 8 (d)), decaying towards higher speeds (around 3% at 150 rad/s). It can be observed 

that there is a difference between the estimated and the model-based rotor speed, especially at higher 

values and during the reversal process (e, f). However, the results obtained meet the expectations. 
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3.3. RNN-Based Procedure 

A more advanced variant was developed based on RNN, which is designed to handle sequential 

data. RNNs differ from ANNs in that they work in closed-loop, suitable for systems that have 

dynamic or time-dependent behavior. In the literature, various recent studies have investigated rotor 

speed estimation using different architectures of RNNs, highlighting their potential in modeling 

dynamic and time-dependent behaviors [33–35]. The RNN can directly model dynamic systems with 

varying parameters over time due to its internal memory (e.g., hidden states). It is suitable for 

processes with time-delays, oscillations, or dependencies between past and future states. From a 

computational perspective, RNNs demand greater resources due to their recurrent structure and 

sequential data processing, require careful training, and are time-consuming. 

For the proposed solutions, Mathematical models and corresponding simulation structures have 

been developed. These have been validated through numerical simulation in Matlab/Simulink 

environment. 

Based on the control structure shown in Figure 1, simulations were conducted in which the RNN 

was selected as the adaptation mechanism, that uses the Predict block from the Simulink Deep Learning 

Toolbox. The Predict block receives two inputs: the speed error and the integral of the speed error. The 

RNN training parameters are described in Tabel 3, with optimization training algorithm: sgdm 

(stochastic gradient descent with momentum), to minimize the loss function by updating weights 

using gradients computed from small batches of data and with momentum added to smooth and 

speed up training. 

Table 3. The RNN training parameters. 

Learning rate 0.0001 

Value of momentum 0.075 

Training epochs 300 

Gradient treshold 1 

Learning regularization 0.001 

The Predict block predicts responses for the data at the input by using the trained RNN specified 

through the block parameter. This block allows loading of a pretrained network into Simulink model. 

To prevent overfitting, it is a dropout layer factor of 0.3. During the training process, the dataset is 

partitioned into two subsets: 80% is allocated for training the model, while the remaining 20% is 

reserved for validation. This split enables the assessment of the model’s generalization capability and 

facilitates the detection of overfitting or underfitting phenomena. The decision to use a Gated 

Recurrent Unit (GRU) layer in RNN-based training for sensorless speed estimation in DFOC of 

induction motor is influenced by the sequential nature of the input dataset, as GRU layers are well-

suited for processing time-series data in deep learning applications. 

GRUs are computationally more efficient than LSTMs (Long Short-Term Memory). This makes 

GRUs are faster to train and better suited for real-time applications, like motor control. Also, the 

GRUs have a simpler structure with two gates (reset and update), while LSTMs have three (forget, 

input, and output). This simplicity can reduce the risk of overfitting and make GRUs easier to 

implement and tune. Sensorless speed estimation requires quick computation to maintain real-time 

performance. 

According to the RNN training tool interface illustrated in Figure 9, the Root Mean Square Error 

(RMSE) achieved is below 50, which aligns with the threshold of RMSE < 5% specified in the flowchart 

presented in Figure 2. Additionally, a custom training loop was implemented to perform real-time 

regression (R2) simulation. An R2 value of 1 indicates a perfect correlation between the predicted 

outputs and the actual target values, reflecting optimal model performance. 
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Figure 9. The RNN training tool interface. 

When the regression performance is poor and the RMSE is elevated or unstable, it indicates the 

need for hyperparameter fine-tuning. Key parameters to be adjusted include the number of neurons 

and hidden layers, the learning rate, the regularization coefficient, and the gradient threshold, all of 

which significantly influence model convergence and generalization. 

The simulation results with RNN are shown in Figure10, for the same conditions regarding the 

speed and load torque profiles as for MRAS and ANN procedures. 

 

 
(a) The rotor flux amplitude: the reference value 

Ψ𝑟
𝑟𝑒𝑓

and the estimated value Ψ̂𝑟. 

(b) The estimated rotor-flux space phasor 

trajectory. 

  
(c) The rotor electrical angular speed: reference ref, 

estimated est and model-based calc. 

(d) The rotor electrical angular speed at 

starting: reference ref, estimated est and 

model-based calc. 
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(e) The rotor electrical angular speed at transition from 

150 rad/s to 297 rad/s: reference ref, estimated est and 

model-based calc. 

(f) The rotor electrical angular speed at 

transition from 297 rad/s to -80 rad/s: reference 

ref, estimated est, and model-based calc. 

 
(g) The regression plot. 

Figure 10. Simulation results for RNN procedure. 

For the RNN procedure, there are visible improvements in comparison with the ANN. For the 

rotor flux in Figures 10 (a) and (b) the results are comparable with the ones obtained for MRAS, with 

no overshoot on the rotor-flux magnitude at starting, and a settling time of 0.06s. As for the rotor 

speed, there is a good match between the reference model and the estimated values as can be seen in 

Figures 10 (e) and (f). Only a slight difference is noticeable in Figure 10 (d) at motor starting where 

the estimated speed present oscillations around the setpoint value. However, these oscillations are 

smaller in magnitude and decay faster as for the ANN procedure. The regression plot in Figure 10 

(g) illustrates a perfect fit between the predicted and target speed. 

4. Real-Time Simulation 

In this paper, a Hardware in the Loop (HIL) simulation setup will be presented based on PLECS 

RT BOX I and NI PXIe-1071 Real-Time target computer [36]. The software package used for 

programming and management of the control unit (PXIe-1071) is based on NI full Software Bundle 

including LabVIEW FPGA, NI VeriStand and MathWorks Matlab/Simulink. Within NI VeriStand the 

Simulink model was linked to the physical I/O ports of the PXIe-1071 controller. The NI PXIe-1071 

simulation computer acts as a complex rapid control prototyping unit (RCP). The HIL management 

software and programming environment used for the RT BOX is PLECS software. This is a dedicated 

modeling and simulation environment. The whole setup will be able to simulate in real-time the 3 

phase PWM controlled inverter and the induction motor. 

In this case, the control algorithms were programmed by using all the benefits of a complex 

modeling and simulation environment such as Matlab/Simulink. 

To study, analyze and simulate the dual field-oriented vector control structure the following 

hardware equipment is used: 

- PLECS RT Box I as HIL simulator [37] 
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- NI PXIe - 1071 as Rapid Control Prototyping (RCP) unit [38] 

- analog (A) and digital (D) breakout boards for RT Box and NI PXIe 

- AMD Ryzen 9 desktop workstation 

- fast ethernet cable (ETH) 

The signal exchange between the HIL simulator and the Real-Time target controller was 

implemented by direct connecting of the analog output electrical pins (AOx) of the HIL unit to the 

analog input electrical pins (AIx) of the RCP unit. The same procedure was used for the digital signal 

path outputs (HIL digital output electrical pins DOx were connected to RCP digital input electrical 

pins DIx). The main (mixed – analog and digital) signal path represents the master or live signal 

exchange bus. The live signals were represented on the host computer via NI VeriStand plots. 

The host computer is attached to the HIL and Real-Time target controller via a fast ethernet 

infrastructure. The HIL implementation and the hardware setup can be observed in Figure 11 and 

Figure 12. 

 

 

Figure 11. The HIL implementation. Figure 12. The hardware setup. 

In terms of software configuration, the circuit model was implemented using PLEXIM PLECS as 

the primary platform for plant modeling and HIL management. In this case, a three phase PWM 

Voltage Source Inverter model and three phase Induction Machine was implemented within PLECS. 

The plant model (power stage and served load / electrical machine) was implemented on the RT Box 

I FPGA unit Zynq 7000 SoC (system on a chip → ARM real-time application processor and FPGA fast 

logic processor). By using the I/O blocks attached to the analog and digital ports of the RT Box, the 

simulator will capture and provide real time variable electrical signals corresponding to the virtual 

current and flux signals emulated within the plant model. These signals can be later captured and 

used in the implemented vector control structure. 

For the Rapid Control Prototyping (RCP) unit PXIe - 1071, the management software was NI 

VeriStand 2019 R3 and the modeling software was Matlab/Simulink (2018b). Within 

Matlab/Simulink, the vector control structure of the cage induction motor drive with dual field 

orientation embedded model was designed, tested, and the executable application program was 

generated for the NI PXIe-1071 and NI VeriStand infrastructure. The graphical dashboard 

implemented within NI VeriStand was used to adjust the Simulink Model parameters in real-time 

and to visualize the virtual waveforms produced by the analog outputs of the Real-Time target 

controller. To capture and visualize the results following the real-time simulation, graphical elements 

and tools from the NI VeriStand virtual instrumentation library were used. The real-time simulation 

for the sensorless vector control structure of IM with DFO was performed based on Hardware and 

Software setup. The speed was estimated based on ANN. The real-time simulation results are 

presented in Figure 13. 
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(a) Speed reversal process from 100 rad/s to -80 rad/s 

(PLECS model).  

(b) Speed reversal process from 100 rad/s  

to -80 rad/s (estimated with ANN). 

 
 

(c) The rotor electrical angular speed provided by 

the PLECS model of the IM: transition from 100 rad/s 

to 150 rad/s. 

(d) The estimated rotor electrical angular 

speed based on ANN: transition from 100 rad/s 

to 150 rad/s. 

  
(e) Estimated rotor flux amplitude. (f) Stator-current components in RFO-ed dr-

qr synchronous reference frame. 

Figure 13. Real-time simulation results. 

Figures 13 (a) and (b) are obtained for a speed reversal command from 100 rad/s  

to -80 rad/s, showing a good match between the results provided by the PLECS model and the ANN-

based algorithm. 

Figures 13 (c-f) present the speed transition from 100 rad/s to 150 rad/s, experiencing a smooth 

transition as seen in (c) and (d), where the estimated speed plot shows a better match with the set 

value than the one provided by the PLECS model. The rotor flux shown in Figure 13 (e) is not 

perturbed by this process, that demonstrates a good performance of the flux control loop. In Figure 

13 (f) presents the evolution of the RFO-ed stator-current components during this transition. The 

magnetizing component 𝑖𝑠𝑑𝜆𝑟
𝑟𝑒𝑓  is provided by the flux controller, while the torque producing one, the 

𝑖𝑠𝑞𝜆𝑟
𝑟𝑒𝑓 , by the speed controller, that presents a variation due to the speed dependent torque profile that 

was imposed. 
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4. Conclusions 

This paper proposes an AI-based speed-sensorless vector control strategy for a cage-induction 

machine using dual-field orientation, validated by model-based simulation in Matlab/Simulink©  

environment and HIL simulation, based on PLECS RT BOX I and NI PXIe-1071 Real-Time target 

computer. 

The classical RFO based control is replaced by DFOC to achieve parameter insensibility 

regarding the computation of the converter control variable, maintaining rotor-flux control for better 

performance and applying stator-field orientation to compute the reference voltage variable. 

By the voltage computation process the two independent control loops are recoupled by means 

of the back e.m.f. (the electro-magnetic cross-effect) with a considerable impact on the controller 

tuning process. To reduce this impact a simplified structure is proposed that use only the flux and 

speed controllers and eliminate the two current controllers. 

Speed-sensorless control structures for the induction motor have been successfully developed, 

including classical MRAS, as well as ANN- and RNN-based estimators, in accordance with the 

defined hardware and software configuration. Validation was performed covering a wide range 

speed profile, including speed reversal, applying a speed-dependent load-torque profile. The results 

demonstrate the accuracy of the speed estimation procedures, with the model’s predictions closely 

matching the reference values, especially for the RNN. 

To further enhance performance, in the future an online RNN-based speed estimator may be 

adopted. Online training enables the RNN to continuously adapt to variations in system dynamics, 

external disturbances, noise measurement, and unmodeled nonlinearities such as load changes or 

thermal effects. This approach allows the model to become increasingly specialized to the real system 

during operation, eliminating the need for a comprehensive pre-collected dataset prior to 

deployment. 

Additionally, the speed controller can be also replaced with AI-based regulators to improve the 

drive performance in a wide speed range. 
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