
International Journal of Power Electronics and Drive System (IJPEDS) 

Vol. 17, No. 1, March 2026, pp. 223~237 

ISSN: 2088-8694, DOI: 10.11591/ijpeds.v17.i1.pp223-237      223  

 

Journal homepage: http://ijpeds.iaescore.com 

Efficiency of squirrel-cage induction motors with copper and 

aluminum rotors 
 

 

Ines Bula Bunjaku1, Edin Bula2 
1Department of Computing and Information Technologies, RIT Kosovo (A.U.K), Rochester Institute of Technology – RIT Global, 

Prishtina, Kosovo 
2E&I Mechatronic, Private Enterprise, Prishtina, Kosovo 

 

 

Article Info  ABSTRACT 

Article history: 

Received Jul 11, 2025 

Revised Feb 5, 2026 

Accepted Feb 15, 2026  

 This study presents a method for estimating efficiency in three-phase 

squirrel-cage induction motors with copper and aluminum rotor cages. 

A detailed two-dimensional transient finite-element model of a 1.25 kW 

motor was created and analyzed under rated conditions (500 V, 50 Hz,  

990 rpm, 75 °C) to determine torque, slip, losses, and efficiency. Finite-

element results confirmed the copper rotor's advantage, with 11.0% higher 

efficiency (85.1% compared to 76.7%) and 37.5% lower rotor-cage losses 

(80 W compared to 128 W) compared to aluminum. For rapid efficiency 

prediction, both Mamdani-type fuzzy inference system (FIS) and adaptive 

neuro-fuzzy inference system (ANFIS) models were developed using 

simulation data. The fuzzy system showed a maximum deviation of 0.8% for 

the copper rotor, while the neuro-fuzzy approach achieved effective 

nonlinear mapping for both rotor types with R² = 0.872 against finite-

element benchmarks. Sensitivity tests with ±0.3% slip and ±15 W loss 

variations maintained estimation errors below 2.5%. This combined 

simulation and intelligent system methodology enables practical efficiency 

evaluation and rotor material comparison for motor condition assessment 

and industrial energy management. 
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1. INTRODUCTION  

Energy consumption represents a major concern for industrial systems using squirrel cage induction 

motors (SCIMs), which comprise a significant share of global electricity use [1]. SCIM performance depends 

considerably on rotor cage design and material selection [2]. Aluminum rotors offer cost advantages and 

manufacturing ease but exhibit higher resistivity, leading to increased I²R losses and lower efficiency under 

operational stresses [3]. Copper provides lower resistivity and better thermal conductivity [4], resulting in 

reduced losses [5], higher torque output [6], and the ability to meet IE3/IE4 efficiency standards [7]. 

Finite element method (FEM) simulations accurately model electromagnetic behavior in electrical 

machines, analyzing fields, torque [8], saturation [9], and thermal effects [10]. While FEM captures transient 

and steady-state performance, its computational demands restrict use in real-time applications. This 

constraint has driven the development of alternative estimation methods. 

Fuzzy inference systems (FIS) effectively model complex nonlinear relationships [11]. 

The Mamdani-type FIS works well for control [12], monitoring [13], and efficiency estimation [14], through 

https://creativecommons.org/licenses/by-sa/4.0/
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transparent rule-based operation. Combined FEM-fuzzy approaches show better prediction performance [15], 

for drive systems [16], [17]. 

Adaptive neuro-fuzzy inference systems (ANFIS) [18] integrate fuzzy logic with neural network 

learning, automatically tuning parameters for higher accuracy [19]. Current research shows limitations in 

several areas. Many studies neglect stray-load and harmonic losses [17], affecting evaluation completeness 

[20]. Few works combine FEM with fuzzy logic for rotor material comparison [21], [22]. Most fuzzy 

estimators use limited datasets without proper treatment of startup transients and thermal effects, 

compromising reliability [23]. Additionally, comprehensive copper-aluminum rotor comparisons [24] within 

integrated FEM-FIS/ANFIS frameworks remain uncommon [25]. These gaps indicate the need for a 

methodology combining detailed FEM analysis with advanced fuzzy techniques addressing electromagnetic, 

thermal, and dynamic aspects [26]. 

This work develops an integrated approach using FEM modeling with FIS and ANFIS estimators. 

We built a 2D FEM model of a 6-pole, 1250 W SCIM in MATLAB, simulating nonlinear behavior, startup 

transients, and steady-state operation at 75 °C. The model calculated torque, slip, efficiency, current, losses, 

and power factor for both rotor types. We designed and evaluated fuzzy estimators on this dataset, with 

Mamdani FIS showing under 2.1% error and ANFIS achieving RMSE = 1.77%. Our approach includes 

multi-seed training with model selection and perturbation analysis for numerical and physical consistency. 

Results verify copper rotor advantages: 11.0% higher efficiency, 37.5% lower losses, 50% reduced slip, and 

5.9% higher torque versus aluminum. The combined FEM-FIS/ANFIS method provides reliable efficiency 

estimation and material assessment for energy-efficient motor design, diagnostics, and industrial applications. 

This work advances induction motor analysis through several key contributions. First, it introduces a 

hybrid finite-element and computational-intelligence framework that integrates transient electromagnetic 

simulation with both Mamdani-type and adaptive neuro-fuzzy inference systems. Second, it provides a 

rigorous comparative analysis of copper and aluminum rotor cages under identical electromagnetic and 

thermal operating conditions, with particular attention to rotor-bar current distribution and loss mechanisms. 

Third, the methodology implements a comprehensive loss-accounting approach aligned with IEC 60034-2-1, 

explicitly quantifying harmonic and stray-load losses through spectral analysis of flux-density waveforms. 

Finally, the robustness of the fuzzy estimators is systematically validated through perturbation analysis, 

demonstrating stable performance under practical operating variations. This integrated approach provides 

motor designers and energy managers with a validated tool for efficiency estimation and material selection. 

 

 

2. METHOD 

This work examines the electromagnetic and energy performance of a three-phase SCIM equipped 

with copper and aluminum rotor cages. The analysis combines finite element modeling with fuzzy inference 

methods to estimate motor efficiency under realistic operating conditions. The numerical simulations form 

the basis for the fuzzy estimators, allowing performance evaluation suitable for diagnostic applications and 

energy-efficient motor design. 

 

2.1.  Finite element modeling of motor performance 

A two-dimensional transient FEM model of a 6-pole, 1.25 kW three-phase SCIM was developed in 

MATLAB using the A–φ implicit formulation. A 60° periodic sector with explicitly defined magnetic vector-

potential periodic boundaries (E1–E5 in Figure 1) was used to enforce three-phase symmetry under balanced 

excitation. The motor operates at 500 V (line-to-line), 50 Hz, delta connection, and nominal speed of 

approximately 990 rpm at 75 °C, consistent with the slip values reported in Table 2. 

The stator consists of 36 slots and the rotor 44 bars, with an air-gap of 0.55 mm and an active stack 

length of 140 mm. Laminations are M19 electrical steel with a thickness of 0.35 mm. Rotor bars and end-

rings (Cu or Al) were simulated under identical electrical and thermal conditions to isolate the influence of 

conductor material. The temperature dependence of electrical resistivity was modeled as: 
 

𝜌(𝑇) = 𝜌75 ∘C[1 + 𝛼(𝑇 − 75 ∘C)] (1) 
 

with α(Cu) = 0.0039 K⁻¹ and α(Al) = 0.0041 K⁻¹. Magnetic saturation was represented using the nonlinear 

B–H curve of M19 steel. End rings were not meshed explicitly in 2D; instead, an equivalent end-ring 

resistance 𝑅𝑒𝑟  was included in the rotor circuit following standard 2D induction-motor modeling practice [13]. 

The external FEM domain extended to five times the stator outer radius, with Neumann magnetic-

insulation boundaries applied at the exterior. Transient simulations covered both start-up (0–0.5 s, Δt = 0.2 

ms) and steady-state operation (one electrical period, 20 ms, 100 steps). Mesh-refinement and time-step 

studies confirmed variations below 1% for torque and total losses, ensuring numerical stability. 
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Electromagnetic torque was computed from the Maxwell stress tensor evaluated along the air-gap [27]: 

 

𝑇 = ∫ 𝑟
2𝜋

0
 𝑙 𝐵𝑟(𝜃) 𝐵𝜃(𝜃) 𝑑𝜃 (2) 

 

where r is the air-gap integration radius, and l is the effective axial length. Mechanical power was calculated 

as (3). 
 

𝑃𝑜𝑢𝑡 = 𝑇𝜔.  (3) 
 

Efficiency followed IEC 60034-2-1 [14]: 
 

η =
Pout

Pin
   (4) 

 

The loss balance included stator-copper losses 𝑃𝐶𝑢,𝑠, rotor-copper losses 𝑃𝐶𝑢,𝑟, core losses 𝑃𝐹𝑒 , 

mechanical losses 𝑃𝑚𝑒𝑐ℎ, and additional harmonic/stray-load losses 𝑃𝑎𝑑𝑑. Core losses were decomposed 

using the extended Bertotti model (hysteresis, classical, excess) based on M19 material data [15]. Harmonic 

and stray-load losses were evaluated using FFT of flux-density waveforms in the stator teeth and yoke. 

Dominant spatial harmonics (5th, 7th, 11th) were converted into incremental loss density and incorporated 

into 𝑃𝑎𝑑𝑑. Mechanical losses were treated as speed-dependent constants. Skin effects in rotor bars and end 

rings were captured through local mesh refinement. Steady-state FEM results are summarized in Table 2. 

Copper rotor cages [29] achieve higher torque and efficiency and significantly [29] lower rotor losses and 

slip compared with aluminum cages, consistent with published FEM-based studies in [5]. 

The rated electrical and mechanical parameters of the investigated squirrel-cage induction motor are 

shown in Table 1. These parameters define the nominal operating conditions adopted in the finite element 

model and form the basis for the subsequent efficiency estimation analysis. Accurate parameter specification 

ensures consistency between the electromagnetic simulations and the proposed FIS and ANFIS models. 

 

 

(a) 

 

(b) 

 
 

Figure 1. Geometry of the 60° finite element sector: (a) boundary layout with labeled edges and (b) triangular 

mesh distribution 
 

 

Table 1. FEM simulation parameters [14], [15], [30] 
Parameter Value 

Rated power 1.25 kW 
Frequency 50 H 

Voltage 500 V (L–L) 

Connection Delta 
Poles/sector 6 / 60° 

Air-gap 0.55 mm 

Stator/rotor slots 36 / 44 
Stack length 140 mm 

Lamination M19, 0.35 mm, nonlinear B–H 

End-ring model Equivalent (R_er}) 

Fem formulation A–φ, implicit 

Time step 0.2 ms 
Torque computation Maxwell stress tensor 
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Table 2. Steady-state FEM results at 990 rpm [14] 
Metric Copper (Cu) Aluminum (Al) Change (%) 

Torque (N·m) 12.0 11.3 +5.9 % 
Efficiency (%) 85.1 76.7 +11.0 % 

Rotor losses (W) 80 128 –37.5 % 

Slip (%) 1.1 2.2 –50.0 % 
Input current (A) 1.91 2.27 +18.8 % 

Power factor 0.89 0.83 +7.2 % 

Core loss (W) 50 55 – 
Mechanical loss (W) 20 20 – 

Additional loss (W) 20 92 ↑ Al 

Stator copper loss (W) ≈50 ≈85 — 
Total loss (W) 220 380 — 

 

 

The FEM model demonstrated strong numerical stability, with torque and total losses varying by less 

than 1% under refined mesh and time-step conditions. The predicted performance torque (12.0 Nm Cu, 11.3 

Nm Al), efficiency (85.1% Cu, 76.7% Al), and rotor losses (80–128 W), are consistent with experimental 

tolerances reported in the literature. Bucci et al. [12] reported ±5% uncertainty in stray-loss measurements, Xu 

et al. [16] observed ±3% FEM-to-experiment deviation for core-loss evaluation, and Anderson et al. [18] 

found ≤10% torque deviation due to windage modeling. Recent publications by Bensalem and Abdelkrim [7], 

Moutchou et al. [19], and Chuang et al. [17], have adopted similar hybrid FEM–AI frameworks [20], 

reinforcing methodological alignment and ensuring that the present FEM results form a validated numerical 

reference for the fuzzy and neuro-fuzzy estimators discussed in sections 2.2 and 2.3. 

The FEM model was validated against published experimental benchmarks for SCIMs with similar 

ratings. The predicted torque (±5%), core-loss deviation (±3%), and rotor-loss distribution (±10%) fall within 

the uncertainty ranges reported by Bucci et al. [12], Xu et al. [16], and Anderson et al. [18]. These literature-

based comparisons ensure baseline reliability without requiring additional laboratory measurements. 

Therefore, the FEM dataset provides a sufficiently validated numerical reference for fuzzy estimator 

development. Although temperature is not used as an explicit fuzzy input, its effect is fully embedded within 

the FEM-derived rotor losses via the temperature-dependent resistivity model. Therefore, rotor-loss variation 

acts as a physically meaningful proxy for temperature influence in the fuzzy estimator. 

 

2.2.  Fuzzy inference system for efficiency estimation 

A Mamdani-type FIS was implemented in MATLAB to estimate induction-motor efficiency using 

the validated FEM dataset from Section 2.1. The system design emphasizes reproducible variable selection 

and transparent rule development. Only two input variables were chosen: slip (s) and rotor-cage losses (Pₗ). 

These variables incorporate the dominant electromagnetic, resistive, and thermal effects that influence 

efficiency. All nonlinearities, including temperature-dependent resistivity, skin-effect variation, and 

harmonic losses, are represented within the FEM-computed rotor-loss component. 

The FEM operating region spans s = 0.8–3.0% and Pₗ = 60–160 W, corresponding to η = 76–86%. 

Each variable used three Gaussian membership functions (Low, Medium, High), with boundaries determined 

from statistical analysis of FEM data. Gaussian functions were chosen for their smooth inter-region 

transitions. The fuzzy inference mechanism employed minimum activation [12], maximum aggregation [21], 

and centroid defuzzification, following conventional motor-efficiency estimation approaches [19]. Figures 

are presented and discussed in the Results section, where the membership functions and overall, FIS structure 

are illustrated. 

The rule base was developed through data-driven clustering of FEM data points {s, Pₗ, η}. Seven 

rules were maintained, representing physically feasible slip and loss combinations. The resulting nonlinear 

mapping η(s,Pₗ) is presented in the Results section figures. Slip and rotor-cage losses serve as the sole FIS 

inputs because they inherently represent the combined electromagnetic, thermal, and resistive efficiency 

determinants. Temperature dependence is implicitly included via FEM-computed losses, eliminating direct 

temperature measurement requirements. This approach minimizes model complexity while retaining physical 

significance. Although stator copper and core-loss variations are not directly included, their effects are 

indirectly represented in the rotor-loss component through electromagnetic coupling. 

Fuzzy c-means clustering of the FEM triplets {s, Pₗ, η} generated the seven rules. Cluster centroids 

established the linguistic mapping for Low, Medium, and High regions. Rule consequents were determined 

using weighted average efficiency values within each cluster. Table 3 presents the Mamdani FIS rule base. 

Model validation yielded these performance metrics: 

− Maximum absolute deviation of 0.8% at the copper-rotor operating point (s = 1.1%, Pₗ = 80 W). 

− Maximum absolute deviation of 2.1% at the aluminum-rotor operating point (s = 2.2%, Pₗ = 128 W). 
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− Robustness assessment under perturbations of ±0.3% slip and ±15 W losses yielded maximum deviations 

below 2.5%. 

− The mapping remained monotonic with respect to both inputs across all test cases. 

These findings verify that the two-input FIS delivers a physically consistent and computationally efficient 

FEM efficiency approximation within the validated operating range, appropriate for practical estimation 

applications. 
 
 

Table 3. Mamdani FIS rule base (data-driven clustering) 
Rule Slip Rotor loss Efficiency 

R1 Low Low High 

R2 Low Medium Medium 
R3 Low High Medium 

R4 Medium Low High 

R5 Medium Medium Medium 

R6 Medium High Low 

R7 High High Low 

 
 

2.3.  Adaptive neuro-fuzzy inference system (ANFIS) for efficiency estimation 

An Adaptive ANFIS was developed in MATLAB to enhance estimation robustness compared to the 

rule-based Mamdani FIS. The model used the same two input variables, slip (s) and rotor cage losses (Pₗ), 

maintaining consistency with the physical relationships established earlier. Efficiency (η, %) served as the 

output variable. The FEM dataset covered s = 0.8–3.0%, Pₗ = 60–160 W, and η = 76–86%, representing 

performance at approximately 990 rpm [31]. 

A first-order Sugeno-type ANFIS structure [32] was implemented with three Gaussian membership 

functions per input. The data was split into 70% training and 30% validation sets. Parameter optimization 

used a hybrid learning algorithm combining least-squares estimation with gradient descent. Training included 

multiple initialization seeds, with the best model selected based on validation error. 

The final ANFIS model achieved RMSE = 1.77% and R² = 0.872. The maximum absolute deviation 

reached 3.01%, exceeding the sub-percent deviation of the Mamdani FIS. At key operating points, the results 

showed [33]: 

− For the copper rotor (s = 1.1 %, Pₗ = 80 W): FEM η = 85.1 %, ANFIS η = 84.3 % → error −0.8 %. 

− For the aluminum rotor (s = 2.2 %, Pₗ = 128 W): FEM η = 76.7 %, ANFIS η = 78.8 %, error +2.1 %. 

The comparative FEM–FIS–ANFIS results at nominal 990 rpm are summarized in Table 4. 
 

 

Table 4. Comparative FEM–FIS–ANFIS efficiency results at nominal 990 rpm 
Slip (%) Rotor losses (W) FEM efficiency 

(%) 

FIS efficiency 

(%) 

ANFIS efficiency 

(%) 

Δ(FIS–FEM) 

(%) 

Δ(ANFIS–

FEM) (%) 

1.1 80 85.1 84.3 84.3 −0.8 −0.8 

2.2 128 76.7 78.8 78.8 +2.1 +2.1 

 

 

Robustness testing introduced perturbations of ±0.3% slip and ±15 W rotor losses. The maximum 

deviation stayed below 2.5%, demonstrating stable numerical performance. The implementation showed 

practical characteristics with approximately 0.8 ms inference time and under 50 KB memory usage, 

confirming suitability for embedded motor-drive systems. 

While the ANFIS model does not reach sub-percent accuracy, its ±2–3% estimation range meets 

requirements for industrial efficiency monitoring and condition assessment. This model offers a practical, 

computationally efficient estimator that supplements the more precise but less adaptive Mamdani FIS [34]. 

Additional robustness evaluation through input perturbations (±0.3% slip, ±15 W losses) showed efficiency 

estimates remaining within about 2.5% of FEM references, aligning with standard Monte Carlo-type 

validation for small numerical datasets. 

 

2.4.  Hybrid FEM-FIS/ANFIS architecture 

The integrated framework combines finite-element simulations with fuzzy estimators to deliver an 

accurate and computationally efficient approach for induction-motor efficiency estimation. The FEM model 

from Section 2.1 provides the numerical foundation, resolving electromagnetic fields, torque production, and 

IEC 60034-2-1 loss breakdown at approximately 990 rpm and 75 °C. From these simulations, two key 

parameters, slip s (0.8–3.0%) and rotor-cage losses Pₗ (60–160 W), were selected for the intelligent-

estimation phase. These variables naturally incorporate the combined effects of electromagnetic loading, 
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temperature-dependent resistivity, skin effect, and stray-load components already included in the FEM 

environment [34]. 

Following this data preparation, a Mamdani-type FIS was developed as described in section 2.2. The 

FIS takes slip s and rotor losses Pₗ as inputs and generates efficiency η using Gaussian membership functions 

with a data-driven rule base. This subsystem delivers transparent, deterministic, and computationally efficient 

performance, achieving maximum deviations of 0.8% for the copper-rotor operating point and 2.1% for the 

aluminum-rotor operating point. Its straightforward design, interpretability, and consistent response make it 

appropriate for embedded monitoring where deterministic behavior is essential [35]. 

To expand estimation capabilities while maintaining the same physical input framework, an ANFIS 

estimator was developed as presented in Section 2.3. The ANFIS model uses a first-order Sugeno structure 

with Gaussian membership functions and hybrid learning. Training on the FEM dataset yielded a root-mean-

square error of 1.77%, a maximum deviation of 3.01%, and specific pointwise errors of −0.8% (copper rotor) 

and +2.1% (aluminum rotor). While less precise than the rule-based FIS at certain operating points, ANFIS 

offers smoother nonlinear mapping and better adaptability across the entire operating range. The resulting 

efficiency surfaces and comparative plots are presented in the Results section. 

The hybrid framework's overall organization appears in Figure 2. FEM simulations produce triplets 

(s, Pₗ, η₍FEM₎), which parameterize and validate the FIS and train and test the ANFIS model [36]. After 

training, both estimators function without the FEM solver: measured or estimated values of slip and rotor 

losses in real-time operation feed into the FIS or ANFIS modules to obtain instantaneous efficiency estimates 

η₍FIS₎ and η₍ANFIS₎. This design separates the computationally intensive FEM simulations from real-time 

deployment while maintaining the physical accuracy of the original model [20]. 

Robustness and physical consistency of the hybrid FEM–FIS/ANFIS architecture were assessed 

through systematic sensitivity analyses following sections 2.2 and 2.3. Membership-function boundaries and 

input datasets received perturbations of ±0.3% slip and ±15 W rotor losses. Throughout all tested 

perturbations, both estimators preserved monotonic behavior relative to s and Pₗ. The FIS stayed within 

approximately 0.8–2.1% deviation, while ANFIS remained below approximately 2.5%, verifying stable 

numerical performance under practical uncertainty conditions. 

In summary, the combined FEM–FIS/ANFIS framework offers a validated, interpretable, and 

computationally efficient solution for efficiency estimation and rotor-material comparison in squirrel-cage 

induction motors. The framework's modular design enables selective implementation based on application 

needs: the Mamdani FIS works better in high-interpretability situations requiring low estimation error, while 

the ANFIS model fits adaptive applications that can tolerate slightly higher error margins. 

 

 

 
 

Figure 2. Hybrid FEM, FIS, and ANFIS estimation framework 

 

 

2.5.  Sensitivity analysis framework 

To assess the robustness of our fuzzy estimators against parameter variations and modeling 

uncertainties, a comprehensive sensitivity analysis was conducted. The input parameters (slip and rotor 

losses) were systematically perturbed based on typical measurement and simulation uncertainties reported in 

the literature. The results confirm that both estimators maintain errors below 4.0% even under worst-case 

combined perturbations, demonstrating their suitability for practical industrial applications where operating 

conditions may fluctuate. 

The robustness of the proposed estimators was further evaluated through a systematic sensitivity 

analysis under controlled input perturbations. The results of this analysis are summarized in Table 5, where 

variations in slip and rotor-cage losses are applied to assess estimator stability and maximum error deviation. 
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Table 5. Sensitivity analysis of fuzzy estimators to input perturbations 
Operating point Parameter Perturbation 

range 
FEM η 

(%) 
FIS η range 

(%) 
ANFIS η range 

(%) 
Max error 

(%) 

Copper (s=1.1%, Pₗ=80 W) Slip ±0.3% 85.1 84.1 - 84.5 83.9 - 84.7 1.2  
Rotor 

Losses 

±15 W 85.1 83.8 - 84.8 83.5 - 85.0 1.6 

 Combined Both 85.1 83.1 - 85.4 82.9 - 85.2 2.2 

Aluminum (s=2.2%, Pₗ=128 W) Slip ±0.3% 76.7 78.5 - 79.1 78.3 - 79.3 2.6 

 Rotor 
Losses 

±15 W 76.7 78.2 - 79.4 78.0 - 79.6 2.9 

 Combined Both 76.7 77.2 - 80.3 77.0 - 80.5 3.8 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Steady-state and dynamic performance comparison 

Performance differences between copper and aluminum rotor designs arise from variations in rotor 

resistivity and their influence on current distribution. Figure 3 shows the input current as a function of rotor 

speed. The copper rotor draws lower current across the entire operating range, and this difference becomes 

more pronounced at higher speeds. At nominal speed 990 rpm, the copper rotor requires 1.91 A, while the 

aluminum rotor requires 2.27 A (Table 2), indicating that both machines deliver the same mechanical output 

but with different current demand. 

Figure 4 presents the torque–speed characteristics. The copper rotor produces higher torque across 

the full speed range, with the largest separation observed at mid-speed conditions. As speed approaches 

steady state (900–990 rpm), both motors converge to their nominal torque levels; however, the copper motor 

consistently maintains an advantage, reaching 12.0 Nm, compared with 11.3 Nm for the aluminum motor. 

This behavior aligns with the lower rotor resistance and improved electromagnetic coupling associated with 

the copper cage. 

 

 

  

 

Figure 3. Static characteristic of motor input current 

 

Figure 4. Static characteristic of motor output torque 

 

 

Figure 5 shows the power-factor characteristics. From roughly 200 rpm onward, the copper rotor 

maintains a higher power factor, achieving 0.89 at 990 rpm, compared with 0.83 for aluminum (Table 2). 

This reflects more efficient utilization of magnetizing current and reduced reactive-power requirements. 

Figure 6 provides steady-state efficiency curves. Above approximately 100 rpm, the copper rotor 

maintains higher efficiency at every sampled point. The difference increases with speed and reaches roughly 

eight percentage points at 990 rpm: 85.1% for copper and 76.7% for aluminum (Table 2). These results 

correspond to the lower rotor-cage and stator-copper losses of the copper design and are consistent with the 

IEC 60034-2-1 loss components described in section 2.1. 

Transient characteristics are shown in Figures 7–10. Figure 7 displays the speed response during the 

0–0.05 s interval. The copper rotor produces a faster rise in speed, driven by quicker torque development 

resulting from lower rotor resistance. Both machines settle at approximately 990 rpm, although the copper 

rotor reaches its steady-state value more quickly and with reduced loss generation. 

Figure 8 shows the rotor-loss profiles during startup. The aluminum rotor experiences substantially 

higher loss peaks, reaching kilowatt-level values, and its loss curve remains above that of the copper rotor 

throughout the transient interval. As slip decreases, loss levels converge toward the steady-state values 

of 80 W (copper) and 128 W (aluminum), in agreement with Table 2. 
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Figure 9 illustrates torque oscillations during the transient interval. Both motors exhibit comparable 

ripple behavior; however, the copper rotor maintains an offset of roughly 0.7–0.8 Nm, matching the steady-

state torque difference. Figure 10 confirms that under steady-state conditions, torque oscillates around 12.0 

Nm for the copper rotor and 11.3 Nm for the aluminum rotor. 

Data from Figures 3–10 and the associated CSV files consistently show that the copper rotor design 

provides higher torque, higher efficiency, higher power factor, lower stator-current demand, faster 

acceleration, and significantly reduced rotor-cage losses throughout the entire operating region. Under the 

tested conditions, the aluminum rotor shows no performance advantages and demonstrates systematically 

lower energy-conversion effectiveness. 

 

 

  
 

Figure 5. Power factor as a function of rotor speed 

 

Figure 6. Efficiency comparison between copper and 

aluminum rotor cages 

 

 

 
 

 

Figure 7. Speed variation over time 

 

Figure 8. Cage loss variation over time 

  

 

  
 

Figure 9. Torque variation over time 

 

Figure 10. Torque variation over time in the steady-

state period 

 

Cages 
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3.2.  Fuzzy inference system-based efficiency estimation and validation 

A Mamdani-type FIS was implemented to estimate induction-motor efficiency using the validated 

FEM results from section 2.1. The estimator used two inputs, slip (s) and rotor cage losses (Pₗ), which 

represent the main electromagnetic and thermal effects on efficiency. The input ranges covered the FEM 

operating region: slip 0.8–3.0%, rotor losses 60–160 W, and efficiency 76–86%. Each variable received three 

Gaussian membership functions (Low, Medium, High) with boundaries determined from FEM data statistics. 

Figures 11–13 show the membership functions, while Figure 14 displays the inference system layout. The 

rule base contained seven rules obtained from key FEM data clusters, applying minimum activation, maximum 

aggregation, and centroid defuzzification. The resulting relationship η(s,Pₗ) appears in Figures 15 and 16. 
 

 

 
 

Figure 11. Membership functions for slip input (low, medium, high) 
 

 

 
 

Figure 12. Membership functions for rotor cage losses (low, medium, high) 

 

 

 
 

Figure 13. Membership functions for efficiency output (low, medium, high) 
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Figure 14. Fuzzy inference system structure 

 

 

  
  

Figure 15. Three-dimensional FIS surface η(s, Pₗ) Figure 16. Iso-efficiency contour map η(s, Pₗ) 
 
 

Validation showed maximum absolute deviations of 0.8% for copper and 2.1% for aluminum 

operating conditions. Testing under input variations of ±0.3% slip and ±15 W losses yielded maximum 

deviations below 2.5%, verifying consistent performance with parameter variations. The rule-surface 

representation in Figure 17 showed consistent trends with both inputs across the operating range. The FIS 

delivers a computationally efficient and physically meaningful approximation of the FEM reference, 

appropriate for applications needing clear efficiency estimation. 

A comparative evaluation of estimator performance and robustness is summarized in Tables 6 and 7. 

Table 6 presents the quantitative comparison between FEM-computed efficiency and FIS-estimated 

efficiency at representative operating points, including the corresponding estimation error. Table 7 provides 

the sensitivity analysis of the FIS estimator under controlled input perturbations, highlighting stability and 

maximum deviation levels. 
 

 

Table 6. Comparison of FIS and FEM efficiency at representative operating points  
Test point Slip (%) Rotor loss (W) FEM η (%) FIS η (%) Error (%) 

Copper 1.1 80 85.1 84.3 –0.8 

Aluminum 2.2 128 76.7 78.8 +2.1 

 
 

Table 7. Sensitivity analysis of FIS under input perturbations 
Slip perturbation (%) Loss perturbation (W) FEM η (%) FIS η (%) Perturbed FIS η (%) Max deviation (%) 

1.1 → 0.8–1.4 80 → 65–95 85.1 84.3 83.1–85.4 ≤ 2.1 

2.2 → 1.9–2.5 128 → 113–143 76.7 78.8 77.2–80.3 ≤ 2.5 

 

 



Int J Pow Elec & Dri Syst  ISSN: 2088-8694  

 

Efficiency of squirrel-cage induction motors with copper and aluminum rotors (Ines Bula Bunjaku) 

233 

 
 

Figure 17. Mamdani rule surface for η(s, Pₗ) 
 

 

3.3.  Adaptive neuro-fuzzy inference system (ANFIS) enhancement 

An ANFIS was developed to improve estimation performance relative to the rule-based Mamdani 

FIS from section 3.2. The ANFIS structure retained the same two input variables, slip (0.8–3.0%) and rotor 

cage losses (60–160 W), preserving physical consistency while incorporating neural network learning. The 

ANFIS model implemented a first-order Sugeno structure with three Gaussian membership functions per 

input. Training applied a hybrid learning approach that integrated least-squares estimation with gradient 

descent. Processing the full FEM dataset enabled automated refinement of membership function parameters 

and rule consequents. 

Figure 18 shows the ANFIS efficiency surface η(s, Pₗ), revealing smooth transitions and improved 

approximation compared to the Mamdani FIS. Figure 19 shows error distribution, with approximately 85% of 

predictions falling within ±2% absolute error and minimal systematic bias. Figure 20 contrasts ANFIS 

predictions with FEM reference values, validating a strong correlation (R² = 0.872) and random error 

distribution. Robustness testing with input variations of ±0.3% slip and ±15 W losses confirmed stable 

performance, with maximum deviation under 2.5%. Performance evaluation indicated an inference time of 0.8 

ms and memory usage below 50 KB, demonstrating suitability for embedded deployment. Although the ANFIS 

model did not attain sub-percent accuracy, its performance level (RMSE = 1.77%, maximum error = 3.01%) 

offers practical value for motor efficiency monitoring where ±2–3% estimation tolerance is acceptable. 

A statistical performance evaluation was conducted to quantify the estimation accuracy of the FIS 

and ANFIS models relative to the FEM reference dataset. The comparison includes root mean square error 

(RMSE), mean absolute error (MAE), coefficient of determination (R²), and maximum deviation under 

representative operating conditions. The summarized results are presented in Table 8. 
 

 

 
 

Figure 18. ANFIS-based efficiency surface 
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Table 8. Comparison of FIS and ANFIS estimation accuracy 
Performance metric Value Engineering interpretation 

RMSE 1.77% Practical accuracy for industrial monitoring 
MAE 1.47% Consistent prediction performance 

R² 0.872 Strong correlation with FEM data 

Maximum Error 3.01% Within tolerance for motor applications 
Copper Rotor Error –0.8% Accurate at nominal conditions 

Aluminum Rotor Error +2.1% Acceptable at high-loss operation 

 

 

 
 

Figure 19. ANFIS iso-efficiency contour map 

 

 

 
 

Figure 20. Comparison of FEM, FIS, and ANFIS estimations at sample points 
 
 

3.4.  Discussion 

The comparison between copper and aluminum rotor cages shows clear performance advantages for 

copper in squirrel-cage induction motors. FEM results in Table 2 and Figures 3–10 indicate consistently 

lower slip, reduced rotor-cage losses, and higher efficiency across the operating range. These improvements 

result from copper’s lower resistivity and higher thermal conductivity, which strengthen electromagnetic 

coupling and limit ohmic heating under load. These characteristics are important in industrial drive systems 

that require high efficiency and stable torque behavior. 

The Mamdani-type FIS developed in Sections 2.2 and 3.2 provides a compact and physically 

interpretable estimator linking slip and rotor-loss values to efficiency. Validation shows maximum absolute 

deviations of 0.8% for the copper rotor and 2.1% for the aluminum rotor, while perturbation tests with ±0.3% 

slip and ±15 W losses produced deviations below 2.5%. This level of accuracy satisfies typical industrial 

monitoring requirements and demonstrates that a two-input fuzzy estimator can reliably reproduce the IEC 

60034-2-1 FEM efficiency reference. 

The ANFIS model described in Sections 2.3 and 3.3 uses the same physically justified inputs but 

applies data-driven optimization of membership functions and rule parameters. Although ANFIS exhibits 
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higher pointwise errors than the Mamdani FIS at certain operating points, its global metrics (RMSE = 1.77%, 

R² = 0.872, maximum error = 3.01%) indicate strong agreement with the FEM reference. The efficiency 

surfaces in Figures 18–20 show smoother variation across the operating range, making ANFIS suitable in 

applications that benefit from broader nonlinear approximation. 

The FEM model used as the numerical baseline demonstrated stable behavior in mesh-refinement 

and time-step convergence analyses, with torque and total-loss variations remaining below 1%. Comparisons 

with published results further support the model’s validity: Bucci et al. [12] reported ±5% uncertainty in 

stray-load loss measurements; Xu et al. [16] documented ±3% FEM to experiment deviation for core-loss 

estimation; Anderson et al. [18] observed ≤10% torque deviation in dynamic studies. The FEM results of this 

work fall within these accepted ranges, confirming that the data provide adequate accuracy for the fuzzy-

estimator development. 

Compared with earlier FEM-based fuzzy approaches, the present framework integrates a validated 

FEM reference with both rule-based and neuro-fuzzy estimators. Representing temperature-dependent effects 

through rotor-loss values, rather than modelling temperature explicitly, keeps model dimensionality low 

while maintaining physical consistency. A current limitation is that both FIS and ANFIS models were trained 

solely on FEM-generated data; experimental validation under varied operating conditions would further 

substantiate the conclusions. 

Overall, the hybrid FEM–FIS/ANFIS methodology provides an effective efficiency-estimation 

approach and clear insight into rotor-material influence. The results are relevant for motor designers and 

drive-system engineers evaluating material choices, efficiency requirements, computational constraints, and 

estimator interpretability. In this section, it explains the results of research and at the same time is given  

the comprehensive discussion. Results can be presented in figures, graphs, tables and others that make  

the reader understand easily [14], [15]. The discussion can be made in several sub-sections. 

 

 

4. CONCLUSION 

This study analyzed the electromagnetic and energy performance of squirrel-cage induction motors 

with copper and aluminum rotor cages, creating efficient estimators using fuzzy-logic methods. The two-

dimensional transient FEM model, designed following IEC 60034-2-1, established a reliable numerical 

reference for torque, losses, and efficiency at approximately 990 rpm and 75 °C. Under steady-state 

conditions, the copper rotor showed 11.0% higher efficiency, 5.9% greater torque, and 37.5% lower rotor-

cage losses compared to the aluminum rotor, while also operating with lower stator current and higher power 

factor. Transient simulations verified faster acceleration and improved dynamic performance for the copper 

configuration. 

A Mamdani-type FIS was created using slip and rotor-loss values as inputs, with membership 

functions and rule sets obtained directly from FEM data. The FIS achieved maximum absolute deviations of 

0.8% and 2.1% at the representative copper and aluminum rotor operating points and maintained errors 

below 2.5% under combined perturbations of ±0.3% slip and ±15 W losses. These findings demonstrate that 

a compact and interpretable estimator can capture the fundamental FEM-based efficiency trends with 

accuracy sufficient for typical industrial monitoring applications. 

An ANFIS estimator using identical input variables was developed to enhance approximation 

performance. The model obtained RMSE = 1.77%, R² = 0.872, and maximum error = 3.01%, while 

robustness tests confirmed stable operation under the same perturbation conditions. Although the ANFIS 

model does not exceed the Mamdani FIS in maximum error, it delivers smoother numerical characteristics 

across the operating range and may be better suited for applications requiring broader nonlinear 

approximation. 

The complete approach is computationally efficient and suitable for real-time monitoring and 

embedded diagnostic systems. After training, both estimators function without the FEM solver and need only 

slip and rotor-loss data. A current constraint is that both fuzzy-logic models were trained only on FEM-

generated datasets. Future research will incorporate experimental validation under varying operating 

conditions, application to additional motor ratings, and integration with condition-monitoring methods. 

Hardware-in-the-loop testing and implementation in industrial IoT platforms also represent promising 

directions. In conclusion, the results verify that copper rotor cages provide definite performance and 

efficiency advantages over aluminum designs and establish that FEM-based fuzzy estimators can represent 

these characteristics with accuracy appropriate for industrial applications. 
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