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Abstract

The demand for high-performance elevator systems in modern infrastructure requires advanced motor control
strategies that ensure precise speed regulation, smooth operation, and enhanced ride comfort. Traditional control
methods such as scalar control (V/f) and direct torque control (DTC) often fail to meet the stringent performance
requirements of elevator applications, particularly in terms of torque ripple reduction and dynamic response. The
presented study carried out an exhaustive investigation of Field-Oriented Control (FOC) enhanced with Adaptive Neuro-
Fuzzy Inference System (ANFIS) controllers for induction motor drives in elevator applications. The study developed
and compared three FOC control variants: conventional PI-controlled FOC, un-optimized ANFIS-based FOC, and
optimized ANFIS controllers using Particle Swarm Optimization (PSO) and Genetic Algorithm (GA). A 1.1 kW three-
phase induction motor was mathematically modeled and simulated in MATLAB/Simulink environment, with
comprehensive data collection of 500,000 samples over a five-second simulation period. The ANFIS controllers were
designed to replace conventional PI controllers in four critical control loops: speed control, flux control, d-axis current
control, and g-axis current control. Performance evaluation was conducted using multiple metrics including Mean
Square Error (MSE), Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and coefficient of determination
(R?). Dynamic performance characteristics such as rise time, settling time, overshoot, and steady-state error were
analyzed for both speed and torque responses. The results demonstrate that PSO and GA-optimized ANFIS controllers
achieved superior performance in speed control, with PSO and GA variants reducing speed control error by up to 80%
compared to un-optimized ANFIS, achieving zero steady-state error and the fastest dynamic response with rise times
of 0.06 seconds and settling times of 0.15 seconds. However, the study revealed a critical finding that single-objective
optimization significantly improved speed control performance at the expense of other control variables, highlighting
the need for multi-objective strategies. While optimized ANFIS controllers excelled in speed regulation, they exhibited
performance degradation in flux and current control, with some parameters showing error increases of up to 82%.
Statistical analysis confirmed significant differences between optimized and un-optimized variants (p < 0.05), while
PSO and GA-optimized controllers showed no statistically significant difference in performance.
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1. Introduction

The growing demand for high-speed, energy efficient, and reliable elevator drives in modern high-rise buildings has
underscored the importance of advanced motor control strategies in ensuring optimal performance of vertical
transportation systems [1, 2]. Among various motor control techniques, the Field Oriented Control (FOC) system
approach has consistently demonstrated superior dynamic performance [3]. While Direct current machines find wide
applications in industries due to design simplicity, advent in technology exposed induction motor as the best choice due
to its fascinating qualities including: Robustness, efficiency and less maintenance [4, 5]. The induction motor, although
a constant speed machine, must be effectively controlled to achieve the precise speed and electromagnetic torque
demanded in elevator operations. Such controls ensure smooth acceleration and deceleration, reduced jerks, enhanced
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energy efficiency, and minimal oscillations that could in otherwise impair system performance. Traditional control
strategies such as scalar control, (V/f control) and direct torque control (DTC) have been applied to elevator drives but
are often limited by sluggish dynamic response and poor torque regulation. In contrast, the Field-Oriented Control (FOC)
approach, originally introduced by F.Blaschke in 1971, provides superior dynamic performance and effectively
addresses the shortcomings of earlier techniques [6]. Field Oriented Control (FOC) exhibits operational characteristics
comparable to those of separately excited direct current (DC) machines, providing superior dynamic response,
enhanced efficiency, and smoother operation. Within FOC- based induction motor systems, controllers such as the
proportional (P), proportional integral (PI), and proportional integral derivative (PID) controllers play a vital role in
shaping motor behavior by ensuring appropriate adjustments to real-time load variations and environmental changes.
The widespread use of PI controllers, in particular, stems from their simplicity and effectiveness, making FOC especially
suitable for elevator drive applications [7]. Direct torque control (DTC) and FOC delivers high dynamic performance
with minimal disturbances, sensor less controls techniques on the other hand eliminates the use of feedback sensors
with the aid of estimators and observers hence less tuning of PI controllers and reduction in cost of procurements [8].
Conventional motor control techniques often experience performance degradation due to their dependence on complex
mathematical models and the sensitivity of motor parameters to variations. To overcome these limitations, recent
achievements have introduced artificial intelligence based control strategies that significantly improve the performance
of induction motors in applications such as elevators, electric vehicles, robotics, and servo systems. This technological
progress represents a paradigm shift in modern machine control [9, 10]. The presented study is therefore significant as
it will present a novel strategy to enhance the performance of induction motor for varying applications by investigating
the performance metrics of three variants controllers including: PI controller, Un-optimized ANFIS, and optimized
ANFIS controller using conventional PI-FOC as the baseline for comparative purpose. The study in [11, 12] investigated
slip ring induction motor (SRIM) control using a dual Field Oriented Control (FOC) configuration based on superposition
principle, where the total developed power equates to the sum of the individual contributions from each configurations
were successfully combined, validated through simulation and experimental studies, the analysis did not adequately
address the implications of this dual strategy on the performance, reliability, and responsiveness of induction motors
in critical applications such as elevators, cranes, and electric vehicles, where precise speed and torque regulation are
essential. The study in [13] proposed a genetic algorithm-based hybrid fuzzy-fuzzy controller (GA-HFFC) integrated
with space vector pulse width modulation (SVPWM) for variable speed induction motor (IM) drives. By leveraging
stator current and supply frequency, this approach demonstrated improved performance and adaptability under
diverse load and operating conditions, offering a potential solution to some limitations of conventional FOC systems.
However, despite its robustness, the GA-HFFC was found to lack real time computational capability under highly
dynamic conditions, which remains a significant challenge in practical applications. The study in [14] deployed
advanced deep reinforcement learning (DRL) to address the complex dynamic behavior and external disturbances in
induction machines, a challenge for conventional linear controllers. The approach showed strong adaptability; however,
its performance declined under highly dynamic operating conditions and increased efficiency requirements.
MATLAB/Simulink simulation was conducted in [15] to enhance the dynamic response of an induction motor by
incorporating the super-twisting algorithm and synergetic control into the conventional frame work. This integration
effectively minimized torque ripple, flux oscillations, total harmonic distortion (THD), and speed disturbances,
delivering improved performance and robustness compared to the traditional FOC method. Nonetheless, the approach
exhibited limited adaptability under real-world dynamic operating conditions. In addressing the identified gaps in the
reviewed works, a comparative study with three variants controllers under identical conditions using PI controllers as
the baseline for comparison were deployed to evaluate the characteristics performance of induction motor tailored to
elevator system applications. The remaining portion of this paper is organized as follows. Section Il explains the
dynamic modelling of the induction motor with PI-FOC system, section III covers the proposed un-optimize ANFIS
controller and the algorithmically improved ANFIS controllers, section IV covers the simulation results and discussions
while section V presents the conclusion.

2. Method

This section covers the systematic approach deployed to conduct comparative analysis of the dynamic performance
characteristics of induction motor under Field-Oriented Control (FOC) using optimally trained Adaptive Neuro-Fuzzy
Inference System (ANFIS) controllers, in contrast to conventional PI-FOC system specifically tailored for elevator
applications.

2.1. Dynamic modelling of the induction motor

The dynamic modelling of the three phase induction motor follows the standard electromechanical design techniques
considering the d-q axis representation in a synchronously rotating frame as the reference axis, the motor is
symmetrical with balance 3-phase input voltages. Core parameters of the induction motor were identified and their
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specifications used in the dynamic modelling of the induction motor. The dynamic modelling commenced with
representation of the stator and rotor voltage equations as studied in [7], the stator quadrature voltage (V) is

expressed as:

Vas = Tslgs + WAgs + d/dt(Ags) (1)
Where, 75 is the stator resistance, iy is the stator quadrature current, w is the motor angular velocity, 44 is the stator
direct axis flux linkage, and A4 is the stator quadrature flux linkage. The stator direct axis voltage Vs is presented in
Eqn. 2 as:

Vas = Tslas — qus + d/dt(Aq4s) (2)
While the zero sequence component voltage is given by the following expression in Eqn. 3:

Vos = Tslos + d/dt(Aos) (3)
Where i is defined as the zero sequence stator current and A, is the zero sequence flux linkage . The rotor quadrature
voltage ( V;,) is defined by the following combination:

Vor = Tslgr + (0 — w)Agr + d/dt(lqr) (4)
Where, i, is the rotor quadrature current, w, is the rotor angular velocity, A4, is the rotor direct axis flux linkage, and
Aqr is the rotor quadrature flux linkages. The rotor direct axis voltage V;;, of the induction motor is given in Eqn. 5 as:

Var =Tslar — (w - wr))‘dr + d/dt(lqr) (5)
Where laris defined as the rotor direct axis current and w, represent the rotor angular velocity.

Var = t5lar — (0) - a)r)/lqs + d/dt(/ldr) (6)
The zero sequence rotor voltage of the induction motor is represented by the following expression:

Vor = Tl +d/dt(Aor) (7)
Presented in Eqn. 8 to Eqn.11 are the induction motor flux linkages in both the stator and rotor sides as studied in [16],
with the stator quadrature flux linkage (145) expressed in Eqn.8 as:

Ags = (igsLs + Linigr) (8)
Where, L; is defined as the stator inductance of the induction motor, and i, represent the rotor quadrature current.
The direct axis flux linkage 4,4, is represented by the combination in Eqn. 9:

Aas = (lasLs + Lmiar) 9)
The flux linkage for the rotor quadrature and direct axis are represented by the combination of the following
mathematical expressions:

Aqr = (iqur + Lmiqs) (10)
Aar = (larLly + Lyigs) (11)
The stator quadrature current is derived by substituting Eqn. 8 and Eqn. 9 into Eqn.1 given as follows:

. . Lyd . .
lgs = f(l/Ls)(V;{s — lgsTs — m — wligs — wliyigy) (12)
dt(iqr)
Substituting Eqn. 8 and Eqn. 9 into Eqn. 2 yields the stator direct axis current ( izs) of the induction motor given as

follows:

L,.d
lgs = J(l/Ls)(Vds — lgsTs — m

The rotor quadrature axis current (i) of the induction motor was derived by substituting Eqn. 8 and Eqgn. 9 into Eqn.
4 as represented by the expression in Eqn. 14:

+ wlsigs + wlpiy, (13)

) 1 . Lp,d , .
lgr = f (L_r) Vogr — igety — m — wlyigr — wlpigs) (14)
qs

The rotor direct axis current is expressed by combining Eqn. 8 and Eqn. 9 into Eqn. 6 to arrive at Eqn. 15:
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. . Lyd . .
lar = f(l/LT)(K]r - larr — #ld) + wlyig + wlpigs (15)
s

The electromagnetic torque of the induction motor is expressed by the following combination of equations:

T, = (3/2)(P/2)Lm(iqsids - idsiqr) (16)
While the motor speed is represented in Eqn.17 as.

P
W, = j T -1 (17)

Where T, is the electromagnetic torque, T; is the load toque, P is the number of pole pairs and ] is the motor moment of
inertia. The presented systems of equations above were used for complete modelling of the induction motor in MATLAB

Simulink software.

2.2. FOC-system controller structure

The FOC system consist of four distinct controllers: the speed controller, d-axis current controller, g-axis current
controller, and flux controller. The speed error generated from the speed controller was used to regulate the motor’s
dynamic response. The flux controller achieved by combining PI controller with a summation block generated the
reference quadrature current (iqref). Similarly, the g-axis current controller modeled with PI controller and a summation
block gave the g-axis voltage control signal, and finally the d-axis controller modeled in similar manner generated the
d-axis voltage control signal as output. All the required signals within the system were appropriately labeled for proper
analysis and training of the ANFIS model. Presented in Figure 1 is the Simulink model of the Induction motor with PI

controllers.
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Figure 1 Model of the induction motor with PI-FOC system
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3. Proposed FOC control system

This section covers the systematic approach deployed in modelling the un-optimized ANFIS and algorithmically
improved ANFIS models used to replace the PI controllers along the major four loops of the FOC system.

3.1. UN-optimize ANFIS-FOC control system

The conventional PI controller along the four major loops were replaced with ANFIS controllers, this replacement was
necessary to enable an easy adaptation to parameter variations and nonlinear elevator loads without requiring exact
mathematical tuning. Each ANFIS was setup with three gbell membership functions, the ANFIS combines fuzzy logic to
handle uncertainties/nonlinearities and neural network learning that has a self-tuning capability. Three membership
functions(mf) were chosen to balance model expressiveness and computational efficiency, few mfs will reduce control
precision, while too many would increase complexity and risk overfitting. Figure 2 shows the Simulink model in which
all PI controllers were replaced with corresponding ANFIS-based controllers.

Figure 2 Induction motor ANFIS based FOC system

3.2. Proposed GA and PSO algorithm

The ANFIS model involves numerous parameters making the tuning process complex when conventional gradient-
based methods are employed, this approach is prone to minima and slow convergence. To overcome these limitations,
two metaheuristic optimization techniques were used to fine-tune the ANFIS parameters including: Particle Swam
Optimization (PSO) and Genetic Algorithm (GA). These algorithms optimized ANFIS controller parameters for better
dynamic response with major impact on the induction motor speed control. PSO algorithm mimics bird flocking/ fish
schooling behavior, it was chosen because of the ability to converge faster towards optimal solutions, non-reliance on
gradient information, and its capability of not getting stuck in poor local minima. Similarly, GA mimics natural evolution
through selection, crossover, and mutation, it was also chosen because of its ability to explore a broader solution space
and handle complex nonlinear functions. Both are population-based optimizers, making them well-suited for
multidimensional search space of ANFIS parameters. PSO swarm size was set to 30 particles and maximum iteration to
100 so as to provide a balance between convergence speed and computational load. Cognitive coefficients c1 and c2
were set to 1.5 each to indicate equal weight to self-learning and social learning. The inertia weight (w) was set to 0.7
and velocity clamping set to enabled so as to prevent divergence. The population size of GA was set to 50, crossover
probability set to 0.8, mutation rate set to 0.1, maximum generation set to 100 and selection mode set to tournament
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probability encourages exploration, while moderate mutations prevents premature convergence

4. Simulation results and discussion

The data utilized in modelling the three phase, 1.1 kW Induction motor was shown in Table 1 as follows:

Table 1 Parameters of the induction motor

No | Parameter Specification
i Nominal power 1.1 kW

ii Phase voltage 220V

iii | Moment of inertia 0.045 kgm”2
iv | Nominal frequency 60Hz

\Y Number of pole pairs 2

vi | Mutual inductance (Lm) | 191.7e”*-3 H
vii | Stator inductance 201e”-3H
viii | Rotor inductance (Lr) 201e”-3H

ix | Stator resistance (Rs) 10

X Rotor resistance (Rr) 3.1322 0

xi | Stator nominal flux (Sf) | 0.825 Wb

xii | Nominal torque 16Nm

The performance metrics presented in Table 2 highlights a critical insight that while optimization techniques such as
(PSO and GA) significantly enhance certain aspects of ANFIS controller performance demonstrated by up to an 80%
reduction in speed control error they fundamentally expose the limitations of single-objective optimization in multiple
interdependent control variables. The un-optimized ANFIS, despite having higher overall errors, maintained a more
uniform performance across all control variables. In contrast, the optimized variants achieved superior speed control
but exhibited substantial deterioration in flux and current control accuracy. The performance metrics of the three
variant controllers was shown in Table 2 as follows:

Table 2 Performance analysis of the three variants controllers

Controller | Un-MSE | PSO-MSE | GA-MSE | UN-MAE | PSO-MAE | GA-MAE | UN-R? PSO-R? GA-R?
Speed 0.1286 (0.0257 |0.0257 |0.3586 |[0.1604 0.1604 |-14823.0561|-2966.6018 |-2966.6018
Flux 0.0384 [0.0503 |0.0503 |0.1946 |0.2232 0.2232 |-92.6581 -121.6042 |-121.6042
Id 0.0952 (0.1226 |0.1226 |0.3039 |[0.3494 0.3494 |0.1899 -0.0438 -0.0438
Iq 0.0336 [0.0610 |0.0610 |0.1570 |0.2241 0.2241 |-0.2733 -1.3144 -1.3144

Shown in Figure 3 is the graphical representation of the performance metrics of the three variants controllers
corresponding to data presented in table 2 above.
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Figure 3 Performance metrics of different controllers

The graphical plots in Figure 4 showed the actual motor system responses by demonstrating the reference trajectories
and system behavior that the controllers are attempting to track. The actual speed shows a step response starting from
zero and reaching approximately 50 rad/s at t = 0.5 seconds, then jumping to 100 rad/s at t = 1 s, maintaining this level
throughout the remaining simulation time. The actual flux exhibits a rapid rise to 0.5 wb within the first 0.1 seconds and
remains relatively stable with minor fluctuations around this set point up to 0.8 wb. The actual torque displays a gradual
increase from zero, reaching approximately 200 Nm by t = 1 s, then continuing to rise more gradually to about 800 Nm
by the end of the 5 second simulation, representing the load characteristics that the motor system must handle.
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Figure 4 Graphical plots of actual motor system responses

The performance comparison between PI controller versus un-optimized ANFIS reveals significant differences in
tracking capability across the four major control loops. As shown in Figure 5 in the speed controller subplot, both
controllers show similar performance during steady-state operation, but the un-optimized ANFIS exhibits slightly
higher reference current spikes during transients, with test data RMSE and MAE both at 0.3586. The flux controller
comparison shows the PI controller and un-optimized ANFIS following nearly identical trajectories with minimal
deviation, achieving test data RMSE of 0.1960 and MAE of 0.1946. For the Id controller, both controllers maintain near-
zero control voltages with occasional small transients, with the un-optimized ANFIS showing test RMSE of 0.3085 and
MAE of 0.3039. The Iq controller demonstrates the most significant activity during the initial transient period around t
=15, where both controllers generate control voltages up to 50 V, with the un-optimized ANFIS achieving test RMSE of
0.1832 and MAE of 0.1570.
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Figure 5 Performance comparison of PI-Controller vs Un-optimized ANFIS

Comparative analysis carried out on all controllers including: PI, un-optimized ANFIS, PSO-optimized ANFIS, and GA-
optimized ANFIS shows important insights into the optimization effects discussed in Table 2 above. The speed controller
subplot confirms that while the un-optimized ANFIS had an RMSE of 0.3586, both PSO and GA optimization reduced this
to 0.1604, representing significant improvement in speed control performance. However, the flux controller
comparison reveals the concerning trend where optimization degraded performance, with the un-optimized ANFIS
achieving 0.1960 RMSE while both PSO and GA variants increased this to 0.2242. The Id controller shows a similar
deterioration pattern, with the un-optimized version achieving 0.3085 RMSE compared to 0.3502 for both optimized
variants. Most dramatically, the Iq controller demonstrates the severe performance degradation discussed earlier,
where the un-optimized ANFIS achieved 0.1832 RMSE but optimization pushed this to 0.2470 for both PSO and GA
variants, visually confirming the table data that showed optimization's detrimental effect on current control
performance while achieving gains only in speed control as shown in the following figure.
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Figure 6 Comprehensive ANFIS performance comparison
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In terms of error analysis, the speed controller shows successful optimization with sustained error reduction
throughout the simulation period, while the flux, Id, and Iq controller errors reveal persistent degradation across the
complete time horizon. Critically, these error plots expose that the optimization algorithms created controllers that
maintain consistently higher error levels in three out of four control variables for the entire simulation, indicating
fundamental structural changes to the ANFIS rather than temporary tuning issues. Presented in Figure 7 is the graphical
plots of error analysis comparing the performance of the four controllers
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Figure 7 Comprehensive error analysis of all ANFIS methods

Investigation on the controller output response as shown in Figure 8 over the final second of simulation (4-5 seconds)
reveals distinct behavioral patterns during steady-state operation. The speed controller comparison shows that while
the PI reference maintains a steady value around 0.58, the un-optimized ANFIS operates at a lower level near 0.22, with
both PSO and GA optimized variants tracking closer to 0.4, indicating different control strategies for maintaining the
same speed set point. The flux controller comparison demonstrates all variants operating within a narrow band around
2.9-3.15, with the PI controller showing a gradual upward trend while ANFIS variants remain more stable. The Id
controller comparison reveals significant control activity with all controllers oscillating between -2 to +1, suggesting
ongoing regulation efforts, while the Iq controller comparison shows the most complex behavior with control outputs
spanning from 0 to 0.8 and exhibiting high-frequency switching patterns across all controller types.
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Figure 8 Controller output comparison over final second simulation time
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Comparison of the dynamic behavior of the speed response during the initial transient period reveals three distinct
performance characteristics. The PI controller demonstrates the slowest rise time, reaching the vicinity of the 100
rad/sec set point at 0.20 seconds, but it overshoots before reaching the target speed, as evidenced by its initial rapid
ascent that exceeds the optimal trajectory. The un-optimized ANFIS (un-tuned variant) shows a more controlled
response that doesn't have as much overshoot compared to the PI controller, following a smoother and more gradual
approach to the 100 rad/sec set point with a rise time of 0.18 seconds. After optimization through PSO and GA fine-
tuning, the overshoot was further reduced, with both optimized variants demonstrating even more controlled
responses that minimize the overshoot behavior while maintaining consistent tracking performance between the two
optimization methods. This progression clearly shows that while un-optimized ANFIS provides better overshoot
control, the optimization process successfully further reduces this overshoot, creating increasingly stable and well-
damped responses through the tuning process, though all ANFIS variants trade some response speed for superior
overshoot management compared to the PI controller. Shown in Figure 9 are the dynamic speed responses of the
controllers.
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Figure 9 Comparison of ANFIS speed controller’s performance

The dynamic behavior of the electromagnetic torque as shown in Figure 10 during initial transient period (0-0.4
seconds) reveals that all controller variants achieve nearly identical torque tracking performance, with peak torques
reaching 55-57 Nm at 0.04 seconds before settling toward zero by 0.4 seconds. The PI controller exhibits slightly more
oscillatory behavior during the decay phase with distinctive ripples, while all ANFIS variants (un-optimized, PSO, and
GA) demonstrated remarkably similar and smoother torque profiles, suggesting that torque control is a strength of
ANFIS architecture regardless of optimization status and can lower energy consumption, reduce thermal stress on
motor components, and extend system lifespan.
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Figure 10 Comparison of torque response for the controllers
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Abbreviations
ANFIS Adaptive Neuro Fuzzy Inference System
DTC Direct Torque Control
D-axis Direct axis
D.C Direct Current
DRL Deep Reinforcement Learning
FOC Field Oriented Control
GA Genetic Algorithm
GA-HFFC Genetic Algorithm Hybrid Fuzzy Fuzzy Controller

Id-Controller Direct Axis Current Controller

Ig-Controller Quadrature Axis Current Controller

MAE Mean Absolute Error

MSE Mean Square Error

Q-axis Quadrature axis

RMSE Root Mean Square Error

SRIM Slip Ring Induction Motor

SVPWM Space Vector Pulse Width Modulation

THD Total Harmonic Distortion

PSO Particle Swarm Optimization

PID Proportional Integral Derivative Controller
MF Membership Function

5. Conclusion

This study evaluated three ANFIS-based FOC control variants including un-optimized, PSO-optimize, and GA optimized

ANFIS using simulation dataset of 500,000 samples. Comparative analysis carried out using conventional PI-FOC as
baseline demonstrated that the optimized ANFIS controllers significantly improved speed regulation, while all ANFIS
variants (un-optimized, PSO, and GA) demonstrated remarkably similar and smoother torque profiles, suggesting that
torque control is a strength of ANFIS architecture regardless of optimization status. RMSE evaluation and statistical
hypothesis testing confirmed superior precision and stability of both PSO and GA-optimized ANFIS controllers, with no
significant difference observed between them, but a clear performance gap compared to the un-optimized variant.
These findings highlight the capability of optimized ANFIS controllers to be the stringent demands of elevator drive
applications, where reliability, passenger comfort, and safety are critical. However, observed trade-offs underscore the
need for further exploration of multi-objective optimization strategies to balance primary control performance with
secondary objectives, ensuring a more holistic and robust control solution.
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