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Abstract. This paper presents real-time hardware-in-the-loop (HIL) testing of an artificial-intelligence-

based sensor less control strategy for an induction motor using dual-field orientation. The experimental setup 

includes a PLECS RT Box I, used as the HIL simulator for the three-phase PWM inverter and the induction 

machine, and an NI PXIe-1071 system serving as the real-time target computer. The control algorithms are 

developed and implemented in the MATLAB/Simulink environment. Rotor-speed estimation is carried out 

using classical recurrent neural networks (RNNs) as well as a hybrid RNN-PI approach that combines RNNs 

with a conventional PI controller. Both estimation structures operate as deep learning models designed to 

improve the robustness and accuracy of rotor-speed estimation across a wide speed range and under various 

load conditions.  

1 Introduction 

It is known that the vector control structure of the 

induction motor based on rotor-field orientation (RFO) 

presents parameter sensitivity issues regarding the stator 

voltage computation, as the compensation terms are 

based on motor parameters [1],[2],[3]. Variations in 

rotor resistance caused by temperature changes alter the 

rotor time constant, leading to rotor-flux oscillations and 

distortion of the back-EMF terms used in stator-voltage 

computation [1],[4]. This degrades both torque and flux 

regulation and reduces dynamic performance. 

Moreover, inaccurate slip estimation adversely affects 

flux and speed estimation in sensor less operation. By 

contrast, when using a stator-field-oriented (SFO) 

reference frame, the parameter sensitivity of the voltage 

computation is limited primarily to the stator resistance. 

This results in a dual-field-oriented control (DFOC) 

scheme, in which rotor flux control and rotor field 

orientation are preserved for generating the decoupled 

stator current references corresponding to flux-

producing and torque-producing components, while 

stator field orientation is employed for the voltage 

computation that serves as the control variable for the 

pulse-width-modulated (PWM) voltage-source inverter 

(VSI) supplying the induction machine [5]. 

For the speed estimation an advanced approach 

based on RNNs has been developed. Due to their closed-

loop structure and internal memory, RNNs can 

effectively capture temporal dependencies and model 

systems with time-varying parameters. Recent studies 

[6], [7] have demonstrated the suitability of various 

RNN architectures for estimating dynamic behaviors, 

particularly in processes involving time delays, 

oscillations, and dependencies between past and future 
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states. To achieve improved performance, a hybrid 

control scheme combining AI-based RNN sensor less 

estimation with conventional PI control was developed. 

This approach leverages the robustness and reliability of 

PI control while exploiting the adaptive and predictive 

capabilities of the RNN to enhance overall system 

performance [8], [9]. 

2 Sensorless control of induction 
machines with dual-field orientation 

In an induction machine, the stator current is responsible 

for both flux production, which provides machine 

magnetization, and torque generation, which results 

from the interaction between the magnetic flux and the 

current. The independent control of torque and flux in 

electrical machines allows high performance, efficiency 

and stability, making AC machines behave like ideally 

controlled DC machines. The fundamental concept 

behind field-oriented (vector) control is the field 

orientation principle that consists of aligning the control 

reference frame with a chosen flux space phasor, 

allowing the independent control of the flux and torque. 

In the induction motor, both flux and torque are 

generated by the stator current, which, by applying the 

field orientation principle, is decomposed into a torque-

producing (active) component and a magnetizing 

(reactive) component, acting as intermediate control 

variables in vector control structure. 

The most widely used vector control strategy of the 

induction motor is based on rotor field orientation. As 

for the vector control structure, it is also determined by 

the type of power electronic converter that feeds the 

induction machine, and its control procedure. 
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Commonly voltage controlled (based on carrier-wave or 

space-vector modulation) VS-PWM inverters are used. 

The classical control structure is based on two control 

loops: one for rotor flux regulation and one for speed 

control. It also requires the use of four controllers: the 

flux and the speed controllers generate the magnetizing 

and the torque producing components of the stator 

current, which determine the reference stator-current 

space-phasor. To produce the inverter voltage control 

signals, two current controllers are employed, followed 

by a voltage computation that compensates the 

controller outputs with the back-EMF terms, thereby 

reconstructing the rotor-field-oriented stator voltage 

reference equations, where the RFO-ed reference frame 

is denoted with 𝑑𝜆𝑟 − 𝑞𝜆𝑟. A well-known drawback is 

that voltage computation in a rotor-flux-oriented 

reference frame is highly dependent on machine 

parameters, including rotor parameters such as rotor 

resistance and rotor time constant, which vary with 

temperature. This may lead to errors in the generation of 

the inverter control signals, which cannot be corrected 

since the inverter voltage control operates in a 

feedforward manner. Furthermore, when sensorless 

control is employed, additional errors may arise from 

inaccurate speed estimation, since the voltage 

computation also relies on this information, with the 

synchronous speed being calculated as the sum of the 

estimated rotor speed and the slip frequency. However, 

the stator voltage computation offers a better solution if 

it’s performed in SFO reference frame (denoted with 

𝑑𝜆𝑠 − 𝑞𝜆𝑠), as it is much simpler and depends only on 

stator resistance as motor parameter. Based on this a 

different concept is adopted for reference voltage 

computation, leading to the concept of Dual-Field 

Orientation. Basically, rotor flux control is maintained, 

and RFO is used for generation of reference current 

variables, after that, the stator voltage computation is 

performed in SFO reference frame [5]. To achieve the 

transition from rotor field orientation to stator field 

orientation, the angular displacement between the 

stator-flux and rotor-flux space phasors must be 

calculated as follows [5]: 

 
sin(𝜆𝑠 − 𝜆𝑟) = sin 𝜆𝑠 cos 𝜆𝑟 − cos 𝜆𝑠 sin 𝜆𝑟  (1) 
cos(𝜆𝑠 − 𝜆𝑟) = cos 𝜆𝑠 cos 𝜆𝑟 − sins 𝜆𝑠 sin 𝜆𝑟  

 

where 𝜆𝑠 and 𝜆𝑟 represent the stator-flux and rotor-

flux positions, respectively. The transition is made by 

applying a coordinate transformation on the RFO-ed 

reference current components 𝑖𝑠𝑑𝜆𝑟
𝑟𝑒𝑓

 and 𝑖𝑠𝑞𝜆𝑟
𝑟𝑒𝑓

 to obtain 

the SFO-ed ones 𝑖𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

 and 𝑖𝑠𝑞𝜆𝑠
𝑟𝑒𝑓

 [5]: 

 

𝑖𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

= 𝑖𝑠𝑑𝜆𝑟
𝑟𝑒𝑓

cos(𝜆𝑠 − 𝜆𝑟) + 𝑖𝑠𝑞𝜆𝑟
𝑟𝑒𝑓

sin(𝜆𝑠 − 𝜆𝑟) (2) 

𝑖𝑠𝑞𝜆𝑠
𝑟𝑒𝑓

= −𝑖𝑠𝑑𝜆𝑟
𝑟𝑒𝑓

sin(𝜆𝑠 − 𝜆𝑟) + 𝑖𝑠𝑞𝜆𝑟
𝑟𝑒𝑓

cos(𝜆𝑠 − 𝜆𝑟) 

 

In SFO-ed reference frame the reference stator 

voltage components can be written as:   

 

𝑢𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

= 𝑅𝑠𝑖𝑠𝑑𝜆𝑠
𝑟𝑒𝑓

+
𝑑Ψ𝑠𝑑𝜆𝑠

𝑑𝑡
− 𝜔𝜆𝑠Ψ𝑠𝑞𝜆𝑠   (3) 

𝑢𝑠𝑞𝝀𝒔

𝑟𝑒𝑓
= 𝑅𝑠𝑖𝑠𝑞𝜆𝑠

𝑟𝑒𝑓
+

𝑑Ψ𝑠𝑑𝜆𝑠

𝑑𝑡
+ 𝜔𝜆𝑠Ψ𝑠𝑑𝜆𝑠   

 

where 𝜔𝜆𝑠 is the synchronous speed. In the classical 

approach, the first two terms on the right-hand side are 

generated by the current controllers, noting that under 

steady-state conditions the flux derivative is zero, 

leaving only the resistive voltage drop. The third term 

corresponds to the compensation term, which accounts 

for the cross-coupling effects that reintroduce 

interaction between the two control loops due to the 

 

Fig. 1. RNN-based Speed-sensorless vector control structure of a VSI-fed induction motor with DFOC. 
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machine’s internal physical phenomena, and is the 

dominant contribution added by the voltage 

computation block. In the proposed control structure, a 

further simplification of the classical scheme is achieved 

by eliminating the two current controllers. The 

underlying idea is to incorporate the entire back-EMF 

voltage — defined as the sum of the flux derivative and 

the rotational EMF, denoted by 𝑒𝑠𝜆𝑠 — directly within 

the voltage computation block 𝐶𝑈𝑠, as follows [5]: 

 
         𝑢𝑠𝑑𝜆𝑠 = 𝑅𝑠𝑖𝑠𝑑𝜆𝑠 + 𝑒𝑠𝑑λ𝑠     (4) 

            𝑢𝑠𝑞𝜆𝑠 = 𝑅𝑠𝑖𝑠𝑞𝜆𝑠 + 𝑒𝑠𝑞λ𝑠      

 

The terms  𝑒𝑠𝑑λ𝑠 and 𝑒𝑠𝑞λ𝑠 are obtained by applying 

a coordinate transformation, with the stator flux position  

𝜆𝑠  to the back-EMF components 𝑒𝑠𝑑 and 𝑒𝑠𝑞 defined in 

the stator-fixed 𝑑 − 𝑞 reference frame, which are 

sinusoidal quantities, as illustrated in Figure 1. Since 𝑒𝑠𝑑 

and 𝑒𝑠𝑞 inherently include both EMF components 

described in (3), the use of the two current controllers is 

therefore omitted.Moreover, with this approach the 

voltage computation no longer requires the synchronous 

speed 𝜔𝜆𝑠
(and, implicitly, the estimated speed) as an 

input, thereby eliminating the influence of speed 

estimation errors on the voltage computation block. 

This paper presents an innovative sensorless speed 

control architecture for PWM-VSI-fed IM utilizing 

DFOC principles. The proposed system establishes a 

synergistic integration between the conventional MRAS 

framework and advanced RNN models. The MRAS-

based speed estimation strategy relies on a flux model. 

It works by minimizing the difference between the rotor 

flux computed by a Reference Model (derived from the 

motor equations) and the rotor flux generated by an 

Adjustable Model [10],[11],[12]. This error signal is 

processed by a PI controller to produce the estimated 

rotor speed. In the classical RNN implementations, the 

network inputs consist of the error signal and its integral. 

For the hybrid RNN version, the reference speed was 

also added as a third input. 

Simulation studies were conducted for two 

configurations: 

1. A sensorless DFOC induction motor drive 

where the rotor speed is estimated by a 

classical RNN [5]. 

2. A sensorless DFOC induction motor drive 

where speed estimation is performed using a 

hybrid RNN. 

The simulations were carried out in a 

MATLAB/Simulink environment. As a first step toward 

implementing AI-based sensor less methods, the control 

structure shown in Figure 1 was modeled, including the 

speed and flux controllers as well as the PI controller 

inside the speed estimator. For the proposed AI-based 

approaches, the PI controller in the MRAS scheme is 

replaced with a speed estimation block based on the 

Predict block from the Simulink Deep Learning 

Toolbox. This block generates the estimated speed using 

the trained RNN model and allows a pretrained network. 

 

 

3 AI-based speed estimation 

3.1 Classical RNN procedure 

RNNs are well-suited for processing sequential data in 

closed-loop systems, making them ideal for applications 

with dynamic or time-dependent behavior. Their 

internal memory maintained through hidden states 

allows them to capture system dynamics and parameter 

variations over time. As a result, RNNs are effective for 

modeling processes that exhibit time delays, oscillatory 

responses, 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. In this case a single dataset was 

collected that covers 17 seconds of operation, with 

motor speed varying from −300 to 300 rad/s that 

includes six distinct steady-state values, (with a rate of 

change of 600 rad/s2) applying a speed-dependent load 

profile. Because obtaining extensive datasets in real-

time control setups is challenging, the RNN was trained 

offline. The RNN models were trained using a medium-

sized dataset with dimensions [2 x 1,700,001], where the 

two input features correspond to the error signal and its 

integral. This yields approximately 1.7 million samples 

per feature, collected at a 100 kHz sampling rate. The 

network architecture consists of a sequenceInputLayer, 

followed by a gruLayer with 20 hidden units, 

batchNormalizationLayer, a dropoutLayer with a 

dropout rate of 0.3, a fullyConnectedLayer, and a 

regressionLayer. Training employed the stochastic 

gradient descent with momentum (SGDM) optimizer, 

with the following hyperparameters: learning rate = 

0.0001, momentum = 0.075, gradient threshold = 1, L2 

regularization = 0.001, for 300 epochs, and validation at 

every 30 iterations. 

The trained model achieved a real-time regression 

coefficient (R²) of 0.9, indicating a strong correlation 

between predicted and actual outputs (R² = 1 

corresponding to perfect prediction accuracy). To verify 

model correctness, predicted and actual outputs were 

compared, showing nearly overlapping curves, which 

confirms excellent tracking performance (Figure 2).  

 

Fig. 2. Actual and predicted rotor speed. 

The real-time simulation results are shown in 

Figures 3 to 6. The reference speed tracking 

demonstrates relatively good performance under all 
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operating conditions, exhibiting zero steady-state errors 

in all evaluated cases. Overshoot occurs only during 

speed reversal (Figure 5), in correlation with the 

estimated rotor-flux amplitude spikes (Figure 4). During 

speed transients, slight oscillatory behavior is observed 

near the settling speed.  

 

 

Fig. 3. Rotor electrical angular speed: reference ωref and 

estimated ωest. 

 

 

Fig. 4. Estimated rotor flux amplitude 𝛹̂𝑟. 

 

 

Fig. 5. Rotor electrical angular speed during speed reversal: 

reference ωref and estimated ωest. 

 

 

Fig. 6. Rotor electrical angular speed during speed 

transition from -80 rad/s to -150 rad/s: reference ωref and 

estimated ωest. 

3.2 Hybrid RNN procedure 

For better performance hybrid model was created which 

combines RNN and PI control for speed estimation. This 

hybrid approach preserves the best of both procedures 

for improved performance: PI reliability with RNN 

intelligence. 

In this procedure six datasets were collected, one for 

each reference speed value: [80, 150, 297, -80, -150, -

297] rad/s. The datasets obtained were combined into a 

single matrix with dimensions [3 x 1,800,000], where 

the three input features correspond to the error signal, its 

integral and the reference speed. This yields 

approximately 1.8 million samples per feature, collected 

at a 100 kHz sampling rate. To prevent the model from 

getting biased toward certain speeds data augmentation 

technique was used which artificially leads to an 

increase in the amount of training data by making small 

variations. The advantage of data augmentation method 

is to simulate real-world measurement noise and to 

increase model robustness. For training purposes, a cell-

type dataset was used with dimension [28,800 x 1]. The 

available dataset was divided into two parts: 85% for 

training and 15% for validation.  

 

Fig. 7. Training vs. validation data distribution. 

To verify the correctness of data distributions 

histogram plots were generated, as is shown in Fig. 7, 

from which results that the training and validation sets 

have similar distributions and the split is balanced. 

Because obtaining extensive datasets in real-time 

control setups is challenging, the RNN was trained 

offline. The RNN training parameters are described in 

Table 1, with optimization training algorithm adam. 

This algorithm is used because it provides adaptive per-

parameter learning rates and momentum, making it 

particularly effective for training deep Gated Recurrent 

Unit (GRU)-based residual networks with noisy 

sequence gradients and nonlinear activations.  

Table 1. hybrid RNN training parameters  

Mini Batch Size 64 

Initial learning rate 0.001 

Learning rate schedule piecewise 

Learning rate drop factor 0.1 

Learning rate drop period 150 

Gradient threshold 2 

Validation frequency 50 

Learning regularization 0.002 

Training epochs 300 
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The network architecture is presented in Figure 8. It 

consists of three gruLayer with [35, 30, 25] hidden units, 

a sequenceInputLayer, dropoutLayers, 

fullyConnectedLayers, batchNormalizationLayers, 

swishLayer and regressionLayer. This network is 

particularly well-suited for: multivariate time-series 

regression, systems with long-term dependencies, noisy 

signals (due to residuals and normalization) and for 

nonlinear dynamics. 

 

 

Fig. 8. The network architecture. 

 

 

Fig. 9. Regression plot. 

Figure 9 presents a regression plot obtained through 

a custom implemented code to visualize the fit between 

the predicted and target speed. The real-time regression 

(R2) is 0.74, which is a solid performance value. 

The hybrid control law is expressed as follows: 

 

𝜔𝑒𝑠𝑡 = 𝛼𝜔𝑃𝐼 + (1 − 𝛼)𝜔𝑅𝑁𝑁   (5) 

 

The best results were obtained when α=0.2, that 

means the RNN influence during implementation is 

80% and the PI procedure influence is 20%. The real-

time simulation results are shown in Figures 10 to 12. 

 

Fig. 10. Rotor electrical angular speed: reference ωref and 

estimated ωest. 

 

Fig. 11. Estimated rotor flux amplitude 𝜳̂𝒓. 

 

 

Fig. 12. Rotor electrical angular speed during speed 

reversal: reference ωref and estimated ωest. 

Compared with the results obtained for the classical 

RNN, the hybrid RNN has better speed tracking even 

during speed transitions, especially at speed reversal, as 

can be seen in Figure 12. No speed oscillations are 

observed; however, a small overshoot occurs at speed 

transitions. The estimated rotor flux (Figure 11) is not 

perturbed by speed transients. 

The performance parameters obtained by Real Time 

HIL simulation are extracted for the two speed 

estimation procedures that are presented in Table 2.  

4 The HIL setup 

The control algorithm consists of both mixed PI 

controller-based implementation and neural network / 

artificial intelligence controllers within Matlab – 

Simulink. Predictive control was used within the 

Simulink model. NI VeriStand connects both hardware 

and software in a professional testing environment. The 

NI PXIe is an FPGA based RCP (Rapid Control 

Prototyping) device that can run Simulink based models.  
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Table 2. Performance parameters of RNN and RNN-hybrid 

 

The powertrain HIL simulator (PLECS RT Box) 

generates analogue signals like phase current, speed and 

torque proportional voltage via analogue output ports. 

The analogue output ports are driven by a 12 bit digital 

to analogue converter (DAC). The RT Box inverter + 

motor simulator also accepts PWM gate signals from an 

external unit via GPIO pins and ports (General Purpose 

Input or Output pins and ports – more precisely – digital 

I/O). The “PWM Capture” function in PLECS can track 

fast switching signals by using a special signal 

processing technique called “sub-cycle averaging”. Sub-

cycle averaging captures multiple samples and re-builds 

more accurately the initial waveform.  

On the other hand, the RCP unit (NI PXIe – 1071) 

has analogue input pins and ports to capture the 

analogue signals produced by the HIL simulator [13]. 

The analogue input pins are driven by a 12-bit analogue 

to digital converter (ADC). The PXIe unit has a 

universal FPGA card (both analogue and digital I/O 

ports) that acts as a hardware interface between the 

Simulink model and the served automation process. The 

model of the FPGA card is NI PXIe – 7858R. 

 

 

Fig. 13. HIL workbench based on PLECS RT box I and 

NI PXIe 1071. 

A workbench has been set up based on PLECS RT 

box I [14] (HIL simulator) and NI PXIe 1071 (RCP 

controller) (Fig. 13) The setup includes the following 

components: 

- PLECS RT Box I HIL simulator (orange mark) 

- PLECS analogue and digital breakout boards (green 

mark) 

- NI PXIe screw terminal connection boxes (purple 

mark) 

- NI PXIe connection and termination cables (not 

marked) 

- NI PXIe 1071 RCP controller unit (blue mark). 

The electrical and mechanical parameters used in the 

induction motor model are provided in Table 3: 

Table 3. Induction Motor Parameters.  

Parameter Value 

Rated power 2.2 kW 

Pole pairs (Zp) 2 

Inertia (J) 0.02 kgm2 

Stator inductance (Ls) 0.266 H 

Rotor inductance (Lr) 0.260 H 

Magnetizing inductance (Lm) 0.249 H 

Stator leakage inductance (Lσs) 0.017 H 

Rotor leakage inductance (Lσr) 0.011 H 

Stator resistance (Rs) 2.918 Ω 

Rotor resistance (Rr) 2.7 Ω 

 

The powertrain schematic was implemented within 

PLECS modelling environment represented in (Figure 

14). 

 

 

Fig. 14. PLECS powertrain implementation schematic. 

The HIL simulation was done in the following 

conditions having the next environment parameters set: 

PLECS RT Box HIL sample time: TsHIL = 5e-6 [s]; NI 

PXIe RCP sample time: TsRCP = 1e-4 [s]; Switching 

frequency: fs = 20 [kHz]; Input DC bus voltage: Vdc = 

560 [V]; Internal power supply resistance: rs = 0.01 [Ω]; 

DC bus capacitor: Cdcb = 1 [mF].  

5 Conclusions  

The classical RNN operates on sequences using a cell-

based structure with sequential processing, instead 

hybrid RNN operates on sequences using a cell-based 

array structure which makes it more computationally 

demanding. Regarding parameter sensitivity, classical 

RNN and hybrid RNN are both sensitive to 

Ref. 

Speed 

[rad/s] 

RNN RNN-hybrid 

Settl. 

Time 

[s] 

Over-

shoot 

[%] 

Steady

-State 

Error 

[%] 

Settl. 

Time 

[s] 

Over- 

shoot 

[%] 

Steady-

State 

Error 

[%] 

150 1.25 no no 0.6 no no 

220 0.5 no no 0.5 2 no 

−80 2 56 no 0.5 2 no 

−150 1.25 no no 0.6 no no 

−220 0.5 no no 0.6 2 no 
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hyperparameters and training options. In terms of real-

time applicability, the classical RNN needs hardware 

acceleration and the hybrid RNN needs careful selection 

of layers to result compatible architecture at HIL 

simulation and more hardware acceleration. 

Future work will focus on enhancing the RNN by 

introducing adaptive weights, implementing RNN-

based gain scheduling (allowing the RNN to tune the PI 

parameters), and enabling online refinement of the 

network. Also, it should be examined how variations in 

motor parameters—especially rotor resistance and the 

rotor time constant—affect the performance of the speed 

estimators. 
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