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 This research proposes an advanced artificial neural network (ANN) 

framework optimized for the dynamic, real-time identification of rotor 

resistance (Rr) in sensorless induction motor (IM) drive systems. The 

proposed architecture introduces a self-tuning momentum factor within the 

neural learning update rule, which is adaptively modulated at each sampling 

interval. This modulation is governed by a Mamdani-based fuzzy inference 

system to ensure accelerated convergence and enhanced stability of the 

estimation process. Concurrently, the motor's angular velocity is estimated 

through a parallel ANN observer. Reliable identification of the time-varying 

rotor resistance is pivotal for compensating parametric sensitivity in flux 

observers, thereby optimizing the drive's control fidelity under varying 

thermal and load conditions. Comprehensive simulation and hardware-in-

the-loop experimental results confirm that the proposed estimator tracks the 

actual Rr with high precision, maintaining steady-state errors within a 5% 

threshold. 
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1. INTRODUCTION 

In the contemporary landscape of industrial automation, high-performance sensorless control for 

three-phase induction machines has emerged as a critical research frontier [1]–[5]. For high-capacity 

industrial motors, the integration of mechanical speed transducers is often precluded by structural constraints 

or the susceptibility of encoders to electromagnetic interference and mechanical failures, particularly during 

low-speed, high-torque operations. The transition to sensorless topologies significantly mitigates system 

complexity and reduces the total cost of ownership while fortifying the drive against harsh operational 

environments, such as high thermal gradients and debris [6]–[9]. A fundamental challenge in sensorless field-

oriented control (FOC) is the inherent sensitivity of the rotor flux observer to machine parameters, most 

notably the rotor resistance (Rr). This parameter is subject to significant drift up to 100% of its nominal value 

due to thermal-induced variations and changes in slip frequency [10]–[13]. Furthermore, the accuracy of the 

speed estimation process directly depends on the rotor flux value [14], [15]. Such parametric uncertainties 

lead to a mismatch between the controller’s internal model and the physical plant, resulting in deteriorated 

torque dynamics and flux-weakening inaccuracies. Therefore, the implementation of a robust, online Rr 

estimation algorithm is essential for maintaining the asymptotic stability and dynamic performance of 

sensorless drives at low frequencies [10], [16]–[18]. 

The rotor resistance of an induction motor (IM) can vary by up to 100% due to the effects of 

temperature, rotor frequency, and the motor’s operating conditions. This variation distorts the control model, 

adversely affecting torque and flux control capabilities, which in turn leads to reduced operational efficiency 

https://creativecommons.org/licenses/by-sa/4.0/
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and degraded dynamic response of the drive system. During the operation of the drive system, accurately 

determining the instantaneous value of rotor resistance using thermal models or temperature sensors poses a 

significant challenge. These methods require heavy computational resources, complex algorithm structures, 

and temperature sensors to be mounted directly at multiple points on the rotor, which is generally impractical 

in most industrial applications due to technical limitations and deployment costs [16], [19]–[23]. For these 

reasons, the research and development of online rotor resistance estimation algorithms for IM drive systems 

operating in the low-speed region are essential. It not only improves the control performance but also 

enhances the stability and reliability of the speed sensorless drive system in the low-speed region based on 

the field-oriented control method. Rotor resistance estimation algorithms have been extensively investigated 

in numerous published studies. Several methods proposed in the research are as follows: i) model reference 

adaptive system (MRAS) [17], [24]–[26], ii) extended Kalman filters (EKF) [8], [27]–[30], iii) sliding mode 

control (SMC) [10], [31], [32], and iv) fuzzy logic control (FLC) [33]–[35]. 

The proposed Rr estimator is integrated within an MRAS topology, where a voltage-based reference 

model and an ANN-based adaptive model operate in parallel. The ANN acts as a computational engine where 

its adjustable synaptic weights correspond directly to the motor’s inverse rotor time constant [19], [36]. To 

mitigate the integration drift associated with back-EMF computation, a multi-stage cascaded low-pass  

filter (LPF) is employed in the reference flux observer, ensuring phase compensation and harmonic  

attenuation [37], [38]. 

This research proposes a sophisticated online identification scheme for induction motor rotor 

resistance, centered on a neural-network-based architecture. A pivotal innovation of the proposed estimator is 

the real-time modulation of the momentum factor, which is dynamically optimized at each sampling interval 

through a Mamdani-type fuzzy inference system (FIS). The manuscript is structured as follows: i) Section 1 

provides a critical review of existing literature regarding rotor resistance tracking techniques; ii) Section 2 

elucidates the design of the two-layer feedforward ANN and its fuzzy-logic-driven adaptation mechanism; 

and iii) Section 3 presents a rigorous performance evaluation utilizing both numerical simulations and 

experimental validation to verify the estimator’s precision and stability. 
 

 

2. ESTIMATION OF ROTOR RESISTANCE USING ANN 

Rotor resistance estimation in an IM using an ANN is implemented within the MRAS framework, 

which includes two fundamental components: the voltage model (reference model) and the current model 

(adaptive model). In this approach, the ANN serves as the adaptive model. The neural network consists of 

both fixed and adjustable weights, where the adjustable weights are directly related to the rotor resistance 

value [19], [22], [36], [37], [39]. The block diagram of the rotor resistance estimator based on the MRAS 

configuration, employing an ANN trained with the backpropagation algorithm, is shown in Figure 1. In this 

structure, Rr_es denotes the estimated rotor resistance obtained from the neural network through the 

backpropagation learning process. The reference model, also known as the voltage model, provides the rotor 

leakage flux components in the stationary reference frame, as in (1). 
 

{
𝜓𝑟𝛼

𝑣 =
𝐿𝑟

𝐿𝑚
[∫(𝑉𝑠𝛼 − 𝑅𝑠𝑖𝑠𝛼)𝑑𝑡 − 𝜎𝐿𝑠𝑖𝑠𝛼]

𝜓𝑟𝛽
𝑣 =

𝐿𝑟

𝐿𝑚
[∫(𝑉𝑠𝛽 − 𝑅𝑠𝑖𝑠𝛽)𝑑𝑡 − 𝜎𝐿𝑠𝑖𝑠𝛽]

 (1) 

 

𝜎 =  (1 − 𝐿𝑚
2 / 𝐿𝑠 𝐿𝑟) - leakage coefficient. The (2) describes the stator leakage flux. 

 

{
𝜓𝑠𝛼 = ∫(𝑉𝑠𝛼 − 𝑅𝑠𝑖𝑠𝛼)𝑑𝑡

𝜓𝑠𝛽 = ∫(𝑉𝑠𝛽 − 𝑅𝑠𝑖𝑠𝛽)𝑑𝑡
 (2) 

 

Stator flux estimation accuracy is compromised by DC-link voltage pulsations, which introduce disturbances 

into the integrator defined in (2). As these errors accumulate over time, the reliability of the estimated flux 

components is significantly reduced. To mitigate this issue, a multi-stage low-pass filter (LPF) is employed, 

as suggested in [37], [38]. 

The transfer function of LPF, as in (3). 
 

𝑌

𝑋
=

1

1+𝑗𝜏𝜔
 (3) 

 

Where:   denotes the time constant, ω is the frequency of the input signal X; and Y represents the output 

signal of the filter. From (2) and (3), and after several mathematical manipulations, the phase angle and 

magnitude of the transfer function are determined as (4) and (5) [37], [38]. 
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𝛷 = 𝑡𝑎𝑛−1( 𝜁𝜔) (4) 

 

𝐾 =
1

√1+(𝜁𝜔)2
 (5) 

 

To estimate the stator flux, a series of three cascaded low-pass filters is utilized, as illustrated in 

Figure 2. The resultant phase displacement ΦT and the total amplification factor KT of this filtering stage are 

calculated using (6) and (7). 

 

𝛷𝑇 = 𝑡𝑎𝑛−1( 𝜁1𝜔) + 𝑡𝑎𝑛−1( 𝜁2𝜔) + 𝑡𝑎𝑛−1( 𝜁3𝜔) (6) 

 

𝐾𝑇 = 𝐾1𝐾2𝐾3 (7) 

 

By assuming that the three filters are identical with a common time constant 
1 2 3   = = = , the following 

relationships are derived as (8) and (9). 

 

𝛷𝑇 = 3 𝑡𝑎𝑛−1( 𝜁𝜔) (8) 

 

𝐾𝑇 = 𝐾3 =
1

(√1+(𝜁𝜔)2)
3 (9) 
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Figure 1. An ANN-based architecture for identifying rotor resistance parameters 
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Figure 2. Architecture of the cascaded low-pass filter (LPF) used in stator flux identification [37], [38] 
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In order for the cascaded filter to function as an integrator, the following condition must be met: 

 

𝛷𝑇 = 900 (10) 

 

𝐺. 𝐾𝑇 =
1

𝜔
 (11) 

 

here, G is the compensation gain. 

 

𝜁 =
𝑡𝑎𝑛(900/3)

𝜔
 (12) 

 

𝐺 =
(√[1+(𝜁𝜔)2])

3

𝜔
 (13) 

 

Following the synthesis of (1) and (2), the resulting formulations for calculating the rotor flux within the 

reference model framework are established as (14). 

 

{
𝜓𝑟𝛼

𝑣 (𝑘) =
𝐿𝑟

𝐿𝑚
𝜓𝑠𝛼(𝑘 − 1) −

𝐿𝑠𝐿𝑟−𝐿𝑚
2

𝐿𝑚
𝑖𝑠𝛼(𝑘 − 1)

𝜓𝑟𝛽
𝑣 (𝑘) =

𝐿𝑟

𝐿𝑚
𝜓𝑠𝛽(𝑘 − 1) −

𝐿𝑠𝐿𝑟−𝐿𝑚
2

𝐿𝑚
𝑖𝑠𝛽(𝑘 − 1)

 (14) 

 

In contrast, the adaptive model is mathematically represented by (15). 

 

{
𝜓𝑟𝛼

𝑖 =
1

𝑇𝑟
∫(𝐿𝑚𝑖𝑠𝛼 − 𝜓𝑟𝛼

𝑖 − 𝜔𝑟𝑇𝑟𝜓𝑟𝛽
𝑖 )𝑑𝑡

𝜓𝑟𝛽
𝑖 =

1

𝑇𝑟
∫(𝐿𝑚𝑖𝑠𝛽 − 𝜓𝑟𝛽

𝑖 + 𝜔𝑟𝑇𝑟𝜓𝑟𝛼
𝑖 )𝑑𝑡

 (15) 

 

By applying the discretization method to (16), we obtain: 

 

{

𝜓𝑟𝛼
𝑖 (𝑘)−𝜓𝑟𝛼

𝑖 (𝑘 −1)

𝑇𝑠
=

1

𝑇𝑟
(𝐿𝑚𝑖𝑠𝛼(𝑘 − 1) − 𝜓𝑟𝛼

𝑖 (𝑘 − 1) − 𝜔𝑟𝑇𝑟𝜓𝑟𝛽
𝑖 (𝑘 − 1))

𝜓𝑟𝛽
𝑖 (𝑘)−𝜓𝑟𝛽

𝑖 (𝑘 −1)

𝑇𝑠
=

1

𝑇𝑟
(𝐿𝑚𝑖𝑠𝛽(𝑘 − 1) − 𝜓𝑟𝛽

𝑖 (𝑘 − 1) + 𝜔𝑟𝑇𝑟𝜓𝑟𝛼
𝑖 (𝑘 − 1))

 (16) 

 

Based on (16) and through a series of mathematical transformations, the following expression is derived: 

 

{
𝜓𝑟𝛼

𝑖 (𝑘) = 𝑊1𝜓𝑟𝛼
𝑖 (𝑘 − 1) − 𝑊2𝜓𝑟𝛽

𝑖 (𝑘 − 1) + 𝑊3𝑖𝑠𝛼(𝑘 − 1)

𝜓𝑟𝛽
𝑖 (𝑘) = 𝑊1𝜓𝑟𝛽

𝑖 (𝑘 − 1) + 𝑊2𝜓𝑟𝛼
𝑖 (𝑘 − 1) + 𝑊3𝑖𝑠𝛽(𝑘 − 1)

 (17) 

 

From the (17), an artificial neural network is constructed to estimate the rotor flux, as shown in Figure 3. 

 

 

 
 

Figure 3. Two-layer artificial neural network used for rotor flux estimation 
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Where: 𝑊1 = 1 −
𝑇𝑠

𝑇𝑟
, 𝑊2 = 𝜔𝑟𝑇𝑠 , 𝑊3 =

𝑇𝑠

𝑇𝑟
𝐿𝑚. Here, Ts denotes the sampling period, and 𝑇𝑟 =

𝐿𝑟

𝑅𝑟
. 

W1 and W3 are functions of the rotor time constant. Lr remains unchanged. Therefore, the following 

relationship is obtained: 
 

{
𝑊1 = 1 −

𝑅𝑟𝑇𝑠

𝐿𝑟

𝑊3 =
𝑅𝑟𝑇𝑠

𝐿𝑟
𝐿𝑚

 (18) 

 

The training procedure aims to minimize the mean squared error (MSE) objective function E by tuning the 

weight matrices W1 and W3, following the approaches detailed in [36], [37]. The definition of the error E is 

given by (19). 
 

𝐸 =
1

2
𝑒2(𝑘) =

1

2
{𝜓𝑟

𝑣⃗⃗⃗⃗⃗⃗ (𝑘) − 𝜓𝑟
𝑖⃗⃗ ⃗⃗ ⃗(𝑘)}

2
 (19) 

 

W1, W3 are determined as (20) and (21). 

 

𝑊1(𝑘) = 𝑊1(𝑘 − 1) + 𝛥𝑊1(𝑘) + 𝛼1𝛥𝑊1(𝑘 − 1) (20) 

 

𝑊3(𝑘) = 𝑊3(𝑘 − 1) + 𝛥𝑊3(𝑘) + 𝛼3𝛥𝑊3(𝑘 − 1) (21) 
 

With (22) and (23). 
 

𝛥𝑊1(𝑘) = −
𝜕𝐸

𝜕𝑊1
= [𝜓𝑟

𝑣⃗⃗⃗⃗⃗⃗ (𝑘) − 𝜓𝑟
𝑖⃗⃗ ⃗⃗ ⃗(𝑘)]𝜓𝑟

𝑖⃗⃗ ⃗⃗ ⃗(𝑘 − 1) (22) 

 

𝛥𝑊3(𝑘) = −
𝜕𝐸

𝜕𝑊3
= [𝜓𝑟

𝑣⃗⃗⃗⃗⃗⃗ (𝑘) − 𝜓𝑟
𝑖⃗⃗ ⃗⃗ ⃗(𝑘)]𝑖𝑠⃗⃗⃗(𝑘 − 1) (23) 

 

Where the momentum factor α1 and α3 are pre-selected constants. The problem addressed is to replace the 

constant momentum factor with a function such that, after each weight update, the error value E is 

progressively reduced. Let 𝜀𝑖(𝑘) = 𝛥 𝑊𝑖( 𝑘) 𝛥 𝑊𝑖( 𝑘 − 1), The function εi(k) represents the product of the 

error and the weight i (i= 1 hoặc 3) at iterations k and (k−1). Based on the error product εᵢ(k), a momentum 

factor adaptation function is constructed such that the momentum factor is adjusted in a direction that reduces 

the network error E (as defined in (18)): 

− When εᵢ(k) > 0, the neural network converges slowly, so the momentum factor should be increased. 

− When εᵢ(k) < 0, the neural network experiences overshooting, so the momentum factor should be decreased. 

Figure 4 illustrates the block diagram using fuzzy logic to determine the momentum factor at the k-

th sampling cycle. In this study, a fuzzy logic controller is proposed to determine the momentum factor of the 

neural network. The fuzzy logic system employs the Mamdani fuzzy inference model, which is chosen for its 

simplicity and ease of rule construction. The inputs to the fuzzy logic controller are the signals εᵢ(k) and 

Δεᵢ(k), as defined in Figures 5 and 6. The output is the adjustment value of the momentum factor, Δαᵢ(k), as 

shown in Figure 7. The fuzzy rules used in the controller are presented in Table 1. 

The momentum factor value at the k-th sampling cycle is as (24). 
 

𝛼𝑖(𝑘) = 𝛼𝑖(𝑘 − 1) + 𝛥𝛼𝑖(𝑘) (24) 
 

The weights W1 and W3 are adjusted through training based on (19) and (20); with the momentum factor αi(k) 

determined by (24). By transforming the system of (18), rotor resistance can be estimated using (25) or (26). 
 

𝑅𝑟_𝑒𝑠 =
𝐿𝑟(1−𝑊1)

𝑇𝑠
 (25) 

 

𝑅𝑟_𝑒𝑠 =
𝐿𝑟𝑊3

𝐿𝑚𝑇𝑠
 (26) 

 

The motor speed is estimated according to (27) [19]. 

 

𝜔̂(𝑘) = 𝜔̂(𝑘 − 1) +
𝜂𝑤

𝑇𝑠
([𝜓𝑟𝛽

𝑣 (𝑘) − 𝜓𝑟𝛽
𝑖 (𝑘)]𝜓𝑟𝛼

𝑖 (𝑘 − 1) − [𝜓𝑟𝛼
𝑣 (𝑘) − 𝜓𝑟𝛼

𝑖 (𝑘)]𝜓𝑟𝛽
𝑖 (𝑘 − 1)) (27) 

 

Where ηw is the learning rate. ηw is usually chosen in the range (0 ÷ 1). 
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Figure 4. Block diagram using fuzzy logic to compute  

the momentum factor 

 

Figure 5. Graphical plots of the membership 

functions defining the fuzzy input εi 

 

 

  
 

Figure 6. Graphical plots of the membership 

functions defining the fuzzy input Δεi 

 

Figure 7. Graphical plots of the membership 

functions defining the fuzzy input Δαᵢ 
 

 

Table 1. Fuzzy logic rule 
∆ε ε 

NB NS ZE PS PB 

NB NB NB NS ZE PS 
NS NB NS ZE PS PS 

ZE NS NS ZE ZE PB 

PS NS ZE PS PS PB 
PB ZE ZE ZE PB PB 

 

 

3. RESULTS AND DISCUSSION 

The rotor flux estimation based on (17) is highly sensitive to the rotor resistance [19]. Therefore, 

accurate rotor resistance estimation will enhance the performance of sensorless IM drives, particularly at low-

speed operations. Figure 8 shows the sensorless IM drive using FOC controller with rotor resistance 

estimation. The momentum factor is determined using fuzzy logic controller (FLC). The motor parameters 

used in the simulation and experiments are presented in Table 2. 
 

3.1.  Result of the simulation 

Table 2 summarizes the motor specifications utilized throughout the simulation studies. The 

proposed sensorless drive, incorporating a rotor resistance estimator, is developed and verified within the 

MATLAB/Simulink platform. To assess the estimator’s robustness, the rotor resistance (Rr) is modeled with 

a 50% increase over its rated value, consistent with the scenarios in [16], [19]. Specifically, Rr transitions 

from 1.84 Ω to 2.76 Ω during a 9-second interval. The system performance is evaluated under a constant 

speed command of 20 rad/s, with a step load torque of TL = 3.0 Nm introduced at t = 3.0 s. 
 

3.1.1. IM speed without rotor resistance estimation 

The alignment between the estimated and reference speeds is presented in Figure 9(a). Despite a 

significant 50% deviation in rotor resistance from its initial value, Figure 9(b) confirms that the mean 

estimated speed remains constant at -20 rad/s. Furthermore, the speed ripple is kept within a minimal margin 

of nearly 0.6 rad/s, demonstrating the estimator's robustness against parameter variations. As illustrated in 

Figure 10, the proposed resistance observers in section 2 successfully converge to the actual rotor resistance 

with minimal error. This precise estimation directly contributes to the superior speed-tracking capabilities 

shown in Figure 11, where the measured speed aligns closely with the command value, validating the 

enhanced robustness of the drive system. 
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Table 2. IM parameters - siemens (1LA 7096-2AA60-Z) 
No Parameters Values No Parameters Values 

1 Reference power (Pn) 2.2 kW 5 Magnetizing inductance (Lm) 0.37 H 
2 Reference voltage (Un) 400 V 6 Poles (P) 2 

3 Stator resistance (Rs) 1.99 Ω 7 Reference speed (ωn) 2880 Rpm 

4 Rotor resistance (Rr) 1.84 Ω    

 
 

 
 

Figure 8. Proposed FOC-based sensorless drive topology with integrated ANN rotor resistance observer.  

The adaptation of the momentum factor is governed by a dedicated fuzzy logic supervisor 
 

 

(a) 

 

(b) 

 
 

Figure 9. Motor speed consists of: reference speed and estimated speed of (a) throughout the entire 

simulation time and (b) during the simulation interval from 7.0 to 7.01 s  
 

 

3.1.2. IM speed response under online rotor resistance adaptation 

As illustrated in Figure 10, the proposed resistance observers in Section 2 successfully converge to 

the actual rotor resistance with minimal error. This precise estimation directly contributes to the superior 

speed-tracking capabilities shown in Figure 11, where the measured speed aligns closely with the command 

value, validating the enhanced robustness of the drive system. 
 

3.2.  Results of the experiment 

The experimental verification is conducted on a dSPACE DS1104 platform (Figures 12 and 13). 

The system involves a three-phase IM (Table 2) coupled with a 1.5 kW DC motor. A Mentor II four-quadrant 

(4Q) rectifier operates the DC motor in torque control mode to apply the desired load to the IM. 

A reference speed of 20 rad/s is utilized to evaluate the drive's low-speed performance [19]. In this 

setup, the momentum factor for the speed observer is set to ηw = 0.1. Based on preliminary experimental trials, 

the starting momentum factor for Rr estimation is chosen as αr = 0.021. Throughout the process, the machine 

operates against a load TL = 3.0 Nm. 
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3.2.1. Estimated rotor resistance (Rr_es) 

As illustrated in Figure 14(a), the rotor resistance estimation (Rr_es) utilizing the momentum factor 

from (24) yields a mean value of approximately 2.07 Ω. Figure 14(b) shows that the estimator demonstrates 

high stability during operation. The observed fluctuations remain within 3% of the calculated average. 

 

3.2.2. Drive system response without rotor resistance estimation 

The reference speed is set at 20 rad/s. Figures 15(a) and 15(b) compare the reference speed with the 

measured speed, where the measured speed exhibits ripple relative to the reference value, with oscillations of 

approximately 6.5%. Figures 16(a) and 16(b) compare the reference speed with the estimated speed; the 

estimated speed fluctuates around the reference speed with an oscillation magnitude of approximately 9.6%. 

Figures 17 and 18 show that the αβ-axis flux estimated by the adaptive model has an amplitude 

approximately equal to that of the reference model flux, but exhibits a phase angle error. 
 
 

  
 

Figure 10. Comparison between the real rotor 

resistance and the estimated rotor resistance  

of the IM 

 

Figure 11. Speed response with online rotor resistance 

estimation, showing the reference speed and the 

estimated speed 
 
 

 
 

Figure 12. Schematic diagram of the experimental setup 
 

 

 
 

Figure 13. Photograph of the experimental setup 
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(a) 

 

(b) 

 
 

Figure 14. Rr_es with the momentum factor as a function (24): (a) over a 20-second measurement interval and 

(b) zoom of Rr_es 

 
 

(a) 

 

(b) 

 
 

Figure 15. Motor speed, including reference speed and measured speed: (a) over a 10-second measurement 

interval and (b) over a 1-second measurement interval (from 2.0 to 3.0 s) 
 

 

(a) 

 

(b) 

 
 

Figure 16. Motor speed, including reference speed and estimated speed: (a) over a 10-second measurement 

interval and (b) over a 1-second measurement interval (from 2.0 to 3.0 s) 

 

 

(a) 

 

(b) 

 
 

Figure 17. The rotor flux in the alpha axis includes: the model-based flux (in blue) and the adaptive neural-

network-based flux (in purple): (a) over a 15-second measurement interval and (b) over a 1-second 

measurement interval (from 1.0 to 2.0 s) 
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(a) 

 

(b) 

 
 

Figure 18. β-axis rotor flux components, showing the reference model flux (blue) and the adaptive neural 

network-estimated flux (purple): (a) over a 15-second measurement interval and (b) over a 1-second 

measurement interval (from 1.0 to 2.0 s) 
 

 

3.2.3. Drive system response with online rotor resistance estimation 

As illustrated in Figures 19(a) and 19(b), the actual speed exhibits high fidelity to the reference 

trajectory, with a ripple of approximately 2.0%. Figures 20(a) and 20(b) show that the estimated speed tracks 

the reference speed, with an error of approximately 5.0%. As illustrated in Figures 21 and 22, the estimated 

rotor flux components show excellent agreement with the reference model's values. This correlation proves 

that accurate Rr estimation leads to improved flux observer performance, providing empirical evidence for the 

theoretical insights discussed in section 2. 
 

 

(a) 

 

(b) 

 
 

Figure 19. Motor speed, including reference speed and measured speed: (a) over a 10-second measurement 

interval and (b) over a 1-second measurement interval (from 2.0 to 3.0 s) 
 
 

(a) 

 

(b) 

 
 

Figure 20. Motor speed, including reference speed and estimated speed: (a) over a 10-second measurement 

interval and (b) over a 1-second measurement interval (from 3.0 to 4.0 s) 

 

 

(a) 

 

(b) 

 
 

Figure 21. The rotor flux in the alpha axis includes: the model-based flux (in blue) and the adaptive neural-

network-based flux (in purple): (a) over a 10-second measurement interval and (b) over a 1-second 

measurement interval (from 1.0 to 2.0 s) 
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(a) 

 

(b) 

 
 

Figure 22. The rotor flux in the beta axis includes: the model-based flux (in blue) and the adaptive neural-

network-based flux (in purple): (a) over a 10-second measurement interval and (b) over a 1-second 

measurement interval (from 1.0 to 2.0 s) 
 
 

4. CONCLUSION 

This paper successfully presents an advanced online rotor resistance identification strategy using an 

adaptive neural network integrated with a Mamdani-type fuzzy inference system for sensorless induction 

motor drives. Extensive simulation and experimental evaluations under severe parametric mismatch confirm 

that the proposed algorithm tracks time-varying resistance trajectories with high precision, maintaining 

steady-state estimation errors below 5,0%. By adaptively tuning the neural learning momentum, the proposed 

approach decouples the inherent trade-off between convergence speed and steady state ripple, reducing the 

actual speed regulation error to within 2,0% even under thermal drift and low-speed, heavily loaded 

disturbances. Consequently, robust flux observer decoupling and enhanced field-oriented control stability are 

achieved without requiring mechanical speed sensors. 

Future research will address the limitation regarding the estimator’s dependency on pre-identified 

machine parameters under deep magnetic saturation. Subsequent work will focus on developing a joint 

estimation framework that simultaneously tracks stator resistance, core losses, and rotor resistance to ensure 

comprehensive parametric robustness across the entire torque-speed operating envelope 
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