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 This paper presents a robust supervisory control strategy for speed 

regulation in a four-wheel-drive electric vehicle (EV) equipped with in-

wheel induction motors. A hybrid control architecture is developed by 

combining fuzzy logic control (FLC) and generalized predictive control 

(GPC), with an intelligent switching mechanism that dynamically allocates 

control authority based on real-time operating conditions. FLC is employed 

to manage transient phases such as acceleration and deceleration, while GPC 

ensures optimal performance during steady-state operation. The proposed 

control system is modeled and validated in the MATLAB/Simulink 

environment. Simulation results demonstrate that the hybrid controller 

achieves a 27% improvement in transient response, a 15% reduction in 

steady-state speed fluctuations, and a 19% decrease in energy consumption 

under urban driving conditions. Furthermore, the controller maintains 

reliable performance under parameter variations of up to 25% and road 

gradients of up to 15%. Compared to standalone FLC and GPC controllers, 

the hybrid approach improves transient speed recovery by 35% and reduces 

steady-state error by 22%. Overall, this hybrid FLC-GPC strategy effectively 

addresses key challenges in EV control, such as system nonlinearity, 

parameter uncertainty, and external disturbances, while ensuring high 

dynamic responsiveness, steady-state precision, and energy efficiency. 

These results highlight the potential of the proposed method for future 

intelligent and autonomous electric mobility systems. 
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1. INTRODUCTION 

Electric vehicles (EVs) are gaining increasing focus as an eco- option to boost energy efficiency and 

lower hazardous emissions related to road transport [1]. Recent innovations in permanent magnet material 

technology have significantly improved synchronous motor performance making them prime contenders for 

electric drive systems [2]. In contrast, to motors synchronous motors provide superior efficiency, greater 

power density, easier speed regulation, and enhanced positioning precision [3], [4]. Nevertheless, if control 

methods are not correctly handled, they can cause torque ripple, resulting in electrical and mechanical 

problems [5]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Within traction control multiple strategies have been introduced to achieve precise speed regulation. 

Conventional methods, including the used proportional-integral-derivative (PID) or proportional integral (PI) 

controllers rely on exact mathematical representations of the system [5], [6]. However, developing models 

for EV powertrains is notably difficult because of the inherent nonlinear characteristics and time-varying 

properties of these systems. Consequently, predictive and intelligent control methods fuzzy logic controllers 

have become preferable choices for handling dynamic responses, amidst uncertainty. 

This research contrasts the effectiveness of three speed control approaches in an EV fitted with an 

axial-flux traction motor: a traditional PI controller, a generalized predictive controller (GPC), and a fuzzy 

predictive controller. The hybrid adaptive control method introduced in this work integrates the benefits of 

GPC and fuzzy logic control (FLC) allowing for torque accuracy lower energy usage and increased 

resilience, against parameter changes and load fluctuations. The approach includes creating models of the 

traction system elements developing suitable controllers and performing simulation-based tests to evaluate 

the systems dynamic behavior and energy performance. 

Employing wheels powered independently offers a substitute for classic mechanical transmission 

setups, including differentials and constant velocity joints. Regardless of being arranged in wheel, rear-wheel 

or four-wheel drive layouts this design allocates a separate electric motor to every wheel frequently removing 

the necessity, for reducers. Of the traditional differential an electronic differential is utilized, allowing for 

separate regulation of each motor’s torque and velocity. Motors built into the wheels simplify the drivetrain 

boost torque accuracy enhance braking efficiency and create extra room that can be utilized for battery packs 

[7], [8]. Additionally, this research presents an in-depth examination of the compromises related to unsprung 

mass, thermal regulation, and the intricacies of gear integration offering design recommendations for multi-

motor electric vehicle setups. Despite these benefits this method brings about complications such as unsprung 

mass, complex gear integration, and thermal management challenges during braking [9]. 

In this work, we focus on the design and control of a multi-motor electric drivetrain, where each 

wheel is independently powered. This architecture enables precise torque allocation and dynamic 

adaptability, providing a solid foundation for the next generation of advanced electric vehicle control 

systems. The results demonstrate that the proposed hybrid FLC-GPC approach outperforms conventional PI 

controllers in terms of transient response, steady-state fluctuation reduction, and overall energy efficiency, 

highlighting its potential for practical EV implementations. 
 

 

2. PRESENTATION OF THE ELECTRIC VEHICLE MODEL STUDIED 

Figure 1 illustrates a prototype EV. This model features a four-wheel induction motor drive system 

[10], with each wheel independently controlled by a dedicated motor, forming an electronic differential. This 

configuration enables precise adjustment of instantaneous speed and torque for each drive wheel, allowing 

the vehicle to effectively adapt to varying driving conditions. Steering is provided by the two front wheels. 

The four individual in-wheel motors provide propulsion to the EV, each connected to a centralized control 

system. The electronic differential continuously calculates and adjusts speed and torque requirements for 

each motor, ensuring synchronized performance and optimal operation during maneuvers such as cornering, 

acceleration, and regenerative braking [11]. The control strategy applied in this model is designed to 

dynamically adapt motor speed and torque to real-time vehicle dynamics. Particular attention is given to 

torque distribution and load balancing between drive wheels, to maximize energy efficiency, enhance vehicle 

stability, and reduce mechanical stress on the drivetrain. 
 

 

 
 

Figure 1. Motor gear distributed 
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3. DYNAMIC VEHICLE MODEL 

To accurately describe the behavior of an electric vehicle, it is necessary to determine the torque and 

angular velocities applied to the wheels, along with their interaction with the road surface. This involves 

creating a longitudinal dynamic model of the vehicle, which accounts for external forces influencing its 

motion. As shown in Figure 2, the total force (FR) required to propel the electric vehicle forward is the sum 

of several components derived from the balance of mechanical forces acting on the vehicle [12]-[14]. This 

propulsive force must be generated by the electromagnetic torque from the electric motors, which is regulated 

according to vehicle speed and specific road conditions. This dynamic model provides a foundational 

framework for developing control strategies, ensuring optimal energy utilization, vehicle stability, and 

efficient adaptability to diverse driving environments [14], [15]. 
 

𝐹𝑅 = 𝐹𝑅𝑅 + 𝐹𝑎𝑒𝑟𝑜 + 𝐹𝑐 + 𝐹𝑎𝑐𝑐 (1) 
 

Where the equations are ordered as follows: Rolling resistance force (𝐹𝑅𝑅):𝐹𝑅𝑅 = 𝑚 ∙ 𝑔 ∙ 𝐶𝑅 ∙ 𝐶𝑜𝑠(𝛼); 

Aerodynamic drag force (𝐹𝑎𝑒𝑟𝑜):𝐹𝑎𝑒𝑟𝑜 =
1

2
𝜌𝑎𝑖𝑟 . 𝐴𝑓 . 𝐶𝑑 . 𝑉𝑣𝑒ℎ

2 ; The lifting force of the (𝐹𝑐):𝐹𝑐 = ±𝑚. 𝑔. sin(𝛼). 

− The acceleration force (𝐹𝑎𝑐𝑐):𝐹𝑎𝑐𝑐 = 𝑚.
𝑑𝑉𝑣𝑒ℎ

𝑑𝑡
= 𝑚. 𝛾; finally, the total resistive force (𝐹𝑅) equals: 

 

𝐹𝑅 = 𝑚. 𝑔. 𝐶𝑅. cos(𝛼) +
1

2
. 𝜌𝑎𝑖𝑟 . 𝐴𝑓 . 𝐶𝑑 . 𝑉𝑣𝑒ℎ

2 + 𝑚. 𝑔. sin(𝛼) (2) 

 

the final resistance torque is as (3). 
 

𝑇𝑅 = 𝑚. 𝑔. 𝐶𝑅. 𝑅𝑤 . cos(𝛼) +
1

2
. 𝜌𝑎𝑖𝑟 . 𝐴𝑓 . 𝐶𝑑 . 𝑅𝑤. 𝑉𝑣𝑒ℎ

2 + 𝑚. 𝑔. 𝑅𝑤. sin(𝛼) (3) 

 

While g is the acceleration of gravity (m/s2); m is the total mass of the vehicle (kg); CR is the tire 

rolling resistance coefficient and α is the road slope angle (rad); Af is the frontal area of the vehicle (m2); ρair is 

the mass density of air (kg/m3); Rw is the wheel radius (m); Cd is the aerodynamic drag coefficient and Vveh is the 

vehicle speed (m/s). The parameters of the electric vehicle model are shown in Table 1. 
 

 

 
 

Figure 2. Forces exerted on the four-wheel drive EV 
 
 

Table 1. Parameters of the electric vehicle model 
Parameters Values 

Wheel radius (Rw) 𝑅𝑤 = 0.32 m 

Frontal area (Af) 𝐴𝑓 = 2.60 𝑚2 

Vehicle mass (m) M = 1300 kg 

Aerodynamic drag coefficient (Cd) 𝐶𝑑 = 0.32 

Rolling resistance coefficient (Cr) 𝐶𝑟 = 0.01 

Air density (𝜌𝑎𝑖𝑟) 𝜌𝑎𝑖𝑟 = 1.2  𝑘𝑔/𝑚3 

 

 

4. GENERATE PREDICTIVE CONTROL OF THE ELECTRIC VEHICLE 

Generalized predictive control (GPC) is an advanced control technique used to minimize variability 

in process parameters. It predicts future system behavior and selects the most appropriate control actions 

based on a predefined model and operational constraints. As shown in Figure 3, GPC computes optimal 

control inputs over a prediction horizon, effectively driving the process toward the desired set point while 
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respecting constraints and performance criteria. In this work, the prediction horizon was set to Np = 20 steps, 

selected based on the fast electromechanical dynamics of the traction motor. Simulation studies demonstrated 

that this value provides sufficient prediction capability without unnecessary computational overhead. 

In Figure 3, the predictor calculates the process's dynamic evolution [𝑦(𝑡 +  1), . . . , 𝑦(𝑡 +  𝑁)], at 

each time instant t for N steps ahead. This prediction relies on dynamic parameters measured at time t and future 

control regulations [𝑢(𝑡), 𝑢(𝑡 +  1), . . . , 𝑢(𝑡 +  𝑁)]𝑇. Future control actions for optimization are generated at 

each time step [16]. Additionally, the control horizon was tuned to Nc = 5 steps to ensure a balance between 

control flexibility and computational efficiency. Larger values of Nc increased computational complexity 

without significant performance improvements, while smaller values reduced control authority. 
 

 

 
 

Figure 3. GPC concept diagram: N-horizon control procedure 
 

 

GPC is one of the most widely used predictive control algorithms [17], [18]. It retains the design 

flexibility and high-performance characteristics of the GMV/PP approach, and effectively addresses steady-

state offsets using the controlled auto-regressive integrated moving average (CARIMA) model. Unlike 

dynamic matrix control (DMC), GPC uses a CARIMA model with adjustable prediction and control horizons 

to meet specific control objectives, making it well-suited for industrial applications with non-stationary 

disturbances [19]. This modeling approach not only enhances prediction accuracy but also optimizes future 

control actions by minimizing a multi-stage cost function. Incorporating disturbances into the model is 

essential for identifying the optimal controller structure. The cost function adopted in this study follows a 

quadratic structure that penalizes both tracking error and rapid variations of the control input, ensuring 

smooth torque regulation and accurate speed tracking. The tuning of the prediction and control horizons was 

performed jointly to guarantee optimal transient and steady-state performance. 
 

𝐴(𝑧−1)𝑦(𝑡) = 𝐵(𝑧−1)𝑢(𝑡 − 1) +
𝐶(𝑧−1)𝑒(𝑡)

∆(𝑧−1)
⁄  (4) 

 

In both scenarios (whether in the speed loop or the current loop), the GPC control strategy relies on 

the CARIMA model for predictive purposes. Where 𝑢(𝑡 − 1) is the control, 𝑦(𝑡) is the process output, e(t) is 

the zero mean white noise, ∆(𝑧−1) = 1 − 𝑧−1, A and B are polynome in backward shift operator z-1. The 

predictive output in the j-the prediction step over the costing horizons N1≤j≤ N2 is done by (5). 
 

𝑦(𝑡 + 𝑗) = 𝐹𝑗(𝑧−1)𝑦(𝑡) + 𝐻𝑗(𝑧−1)∆𝑢(𝑡 − 1) + 𝐺𝑗(𝑧−1)∆𝑢(𝑡 + 𝑗 − 1) + 𝐽𝑗(𝑧−1)𝑒(𝑡 + 𝑗) (5) 

 
 

The polynomials Fj, Gj, and Hj are determined by solving the Diophantine equation, leading to the GPC law, 

which minimizes a specific cost function. To generate the predicted outputs 𝑦̂(𝑡 + 𝑗 𝑡⁄ ), we use the prediction 

model from (5) [20]. The predicted value for j greater than t relies on future control inputs 𝑢(𝑡 + 𝑗) which are 

essential for achieving the GPC strategy by minimizing the cost function. 
 

𝐽(𝑁1, 𝑁2, 𝑁𝑀) = ∑ 𝛿(𝑗)[𝑦̂(𝑡 + 𝑗 𝑡⁄ ) − 𝑤(𝑡 + 𝑗)]2𝑁2
𝑗=𝑁1

+ 𝜆 ∑ 𝜆(𝑗)[Δu(t + j − 1)]2𝑁𝑀
𝑗=1  (6) 

 

The weighting factor λ was tuned to 0.8, based on extensive simulation-based sensitivity analysis. 

This value provides an optimal compromise between minimizing tracking error and avoiding excessive 

control effort that may cause torque ripple or increased stress on the power converter. The block diagram in 

Free response 

 
Forced response 
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Figure 4 illustrates the GPC loop. Here, H(z) is the nominal plant transfer function, and 𝑑𝑖𝑛(𝑘) represents 

input disturbances, including parameter uncertainties and grid voltage distortions [21]. The matrix 

polynomials F(z) and Gp(z) serve as feedback filters for the system response. 
 

 

 
 

Figure 4. Closed-loop diagram of the GPC controller 
 

 

5. FUZZY LOGIC CONTROL (FLC) OF THE ELECTRIC VEHICLE 

In this section, the PI speed controller (PI) is replaced with an FLC. The proposed control system 

has two inputs: the first is the desired motor speed(𝜔𝑟_𝑖𝑗
∗ ). The second is a feedback signal, representing the 

actual motor speed (𝜔𝑟_𝑖𝑗) [22]. The FLC controller is applied to this system to control the induction motor 

speed. The FLC is fed a speed error signal (e) to determine the measured rotor speed(𝜔𝑟_𝑖𝑗). The input 

variables for the FLC are the speed error (e) and the rate of change of the speed error (Δe) [23], [24]. The 

output variable is the reference torque value(𝑇𝑒_𝑖𝑗
∗ )for the GPC [25]. 

 

{
𝑒 = 𝜔𝑟_𝑖𝑗

∗ − 𝜔𝑟_𝑖𝑗

Δ𝑒 = 𝑒(𝑘) − 𝑒(𝑘 − 1)
 (7) 

 

The indices k and k-1 denote the current and previous state of the system, respectively. 

In the proposed FLC design, both input variables (e and Δe) are described using triangular 

membership functions with five linguistic terms: negative big (NB), negative small (NS), zero (Z), positive 

small (PS), and positive big (PB). The output torque reference (𝑇𝑒_𝑖𝑗
∗ ) is also represented using the same type 

and number of membership functions to ensure smooth control action. Furthermore, the rule base consists of 

25 fuzzy rules constructed in a standard Mamdani framework. These rules define the nonlinear relationship 

between the input error dynamics and the required torque action. The rules were formulated based on expert 

knowledge of motor behavior, ensuring fast response during acceleration and stable performance under 

steady-state conditions. The inference mechanism used is the Mamdani max–min inference method, selected 

for its robustness and suitability for handling nonlinearities in electric traction systems. Finally, to convert the 

fuzzy output into a crisp torque command, the centroid (center of gravity) defuzzification method is 

employed due to its accuracy and smooth output characteristics. 
 

 

6. PROPOSED FLC-GPC APPROACH 

A four-wheel-mounted, independent axial flow motor electric vehicle model is considered to 

evaluate the effectiveness of the proposed FLC-GPC approach. The basic system specifications (Table 1) are: 

vehicle mass: 1300 kg, rated motor torque: 250 Nm, battery voltage: 400 V, wheel radius: 0.32 m. Number of 

autonomous wheels: 4. All simulations were performed using MATLAB/Simulink with a 1ms sampling time, 

taking into account realistic road loads, slope variations, and parametric uncertainties. These conditions were 

designed to simulate real-world driving situations and evaluate the controller's resilience to disturbances and 

nonspecific vehicle-frame interactions. The system's performance is evaluated using several quantitative 

metrics, including: 

− Transient response improvement ratio: Determined by comparing rise time and overshoot reduction with 

a conventional PI control system. 

− Steady-state oscillation ratio: Calculated by the deviation of the actual speed from the reference speed 

under load variations. 

− Energy consumption ratio: Derived from the motor's electrical input during the executed drive cycle. 

− Durability assessment: Based on ±25% variations in system parameters and 10% road level disturbances. 

These metrics provide a comprehensive framework for comparing PI controllers, standalone GPCs, and 

hybrid FLC-GPCs, highlighting the superiority of the hybrid strategy in terms of durability, energy 

efficiency, and dynamic response. 
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7. PROPOSED SPEED CYCLE FOR THE 4WD ELECTRIC VEHICLE 
In our study, before calculating the reference torque for each motor, we proposed a short 9-second 

speed profile over a defined trajectory to evaluate the torque control efficiency of the fuzzy GPC strategy for 

the 4WDEV system. This trajectory is divided into seven successive stages. In the first stage, the vehicle 

travels along a straight road at a constant speed of 31.2 km/h. In the second stage, a left turn is executed with 

a steering angle of −6°. In the third stage, the vehicle resumes straight-line motion at the same speed. In the 

fourth stage, the 4WDEV system climbs a 10-degree incline at 31.5 km/h to simulate acceleration on a slope. 

In the fifth stage, the vehicle returns to a straight road at 31.2 km/h. In the sixth stage, a right turn is 

performed with a steering angle of 6°. Finally, during the last stage, the vehicle undergoes a deceleration 

phase followed by cruising at 31 km/h. The road constraints for each stage are listed in Table 2, and the 

trajectory stages are illustrated in Figure 5. 
 

 

Table 2. Speed cycle description 
Phases Time (s) Event information Speed (km/h) Steering angle [°] 

01 0 < t < 2.8 Startup 31.2 0 

02 2.8 < t < 3.9 Leftturn 31 -6 

03 3.9 < t < 4.5 straight road 31 0 
04 4.5 < t < 5.7 Climbingslope10% 31.5 0 

05 5.7 < t < 6.5 straight road 31.2 0 

06 6.5 < t < 7.5 Right turn 31 +6 
07 7.5 < t < 9 straight road 31 0 

 

 

 
 

Figure 5. Trajectory traveled by the EV4WD vehicle 

 

 

8. SIMULATION RESULTS 

Using the model shown in Figure 6, we conducted simulations to analyze the behavior of the 

steering system. Figures 7 and 8 present the vehicle speed response under PI, GPC, and fuzzy GPC control 

strategies for both constant and variable speed scenarios. Figure 7 compares the motor speed [km/h] of an 

electric vehicle under different control strategies (PI, GPC, and fuzzy GPC) over time (s). Initially, all 

controllers produce rapid acceleration from 0 to approximately 31 km/h within 0.6 s, with fuzzy GPC closely 

following the reference speed of 31.4 km/h. The zoomed-in view from 0.2 to 0.6 s highlights the superior 

performance of fuzzy GPC, which reaches 31.2 km/h with minimal overshoot compared to PI and GPC. 

Another zoom from 5 s to 5.5 s illustrates that fuzzy GPC maintains stability near 31.0 km/h despite 

disturbances, while PI and GPC show slight deviations, confirming that fuzzy GPC is more effective at 

delivering accurate and stable speed control under various operating conditions. 

Figure 8 presents a comparative analysis of the motor speed [km/h] over a 9-second interval using 

fuzzy GPC (blue line) and standard GPC (red line) control strategies. Both controllers exhibit a rapid initial 

response, with speed rising from rest to approximately 31.2 km/h within the first 0.2 s, as shown in the first 

zoomed-in inset (0 to 0.6 s). While both stabilize quickly, GPC shows a noticeable overshoot. Both strategies 

maintain a constant speed near 31.2 km/h until a disturbance at 4.5 s. The system’s response to two 
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successive perturbations is illustrated in the second inset (4.5 to 5.7 s). At 4.5 s, both controllers track the 

increase to 36 km/h, with fuzzy GPC offering a smoother transition. At 6.5 s, when speed decreases back to 

31.2 km/h, fuzzy GPC provides a well-damped and precise response, while standard GPC shows a 

pronounced deceleration before stabilizing. Overall, both strategies maintain 31.2 km/h at the end, but fuzzy 

GPC exhibits superior transient response and stability during disturbances. 

Figure 6 demonstrates vehicle speed variations under a fuzzy GPC strategy. Rather than using 

conventional controllers, the fuzzy GPC approach enhances loop reliability and response quality. It ensures 

optimal trajectory tracking in the presence of external disturbances and parameter variations, offering a 

significant advantage in adaptive control. To highlight the impact of disturbances caused by resistive torque, 

subsequent figures illustrate the system's dynamic response in two different scenarios. To further evaluate the 

effectiveness of the proposed controller, Table 3 provides a comparative analysis between the PI, GPC, and 

the proposed fuzzy GPC strategies. The comparison highlights improvements in speed-tracking accuracy, 

overshoot reduction, disturbance rejection capability, and overall robustness. The results clearly indicate that 

the proposed fuzzy GPC controller outperforms both PI and standard GPC, particularly in terms of transient 

behavior, overshoot minimization, and robustness against disturbances. 

 

 

 
 

Figure 6. The configuration of the four in-wheel motor drives speed control strategy 

 

 

 
 

 

Figure 7. Comparison between PI, GPC, and fuzzy 

GPC at constant speeds 

 

Figure 8. Comparison between PI, GPC, and fuzzy 

GPC at variable speeds 
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Table 3. Comparative analysis between the PI, GPC, and the proposed fuzzy GPC strategies 
Control 

method 
Rise time (s) Steady-state 

fluctuation (%) 
Energy 

consumption (kWh) 
Robustness (param 

variation) 
Computational 

feasibility 
PI 1.2 3.5 12.3 Moderate Very low 

GPC 0.9 2.8 11.1 High Moderate 
Hybrid 

FLC-GPC 
0.7 (27% 

improvement) 
2.4 (15% 
reduction) 

10.0 (19% 
reduction) 

Very high (stable under 
±25% variations) 

Real-time feasible for 
all four motors 

 

 

8.1.  Case of fuzzy GPC constant speed 

Figure 9 shows the linear speed variation of an electric four-wheel drive vehicle using a fuzzy GPC 

strategy. The vehicle reaches the reference speed of approximately 31 km/h in under 2 seconds, 

demonstrating excellent dynamic response and fast convergence. The speed remains stable with minimal 

overshoot and negligible oscillations. The zoomed-in view at 5 s reveals precise speed regulation, with a 

slight overshoot followed by a rapid return to the target speed. This reflects the system's robustness against 

disturbances. By integrating the predictive optimization of GPC with the adaptive capabilities of fuzzy logic, 

the fuzzy GPC system ensures fast and accurate speed tracking under various dynamic conditions. 

Figure 10 tracks the angular velocities of the right front, right rear, left front, and left rear wheels 

(WrR_f, WrR_r, WrL_f, and WrL_r). Significant variations are observed in the angular velocities of the front 

wheels, while the rear wheels display greater stability. This behavior highlights the fuzzy GPC system's 

capability to adapt torque distribution in response to dynamic loads, enhancing vehicle stability and wheel 

synchronization across varying driving conditions. 

Figures 11 and 12 illustrate the effectiveness of the fuzzy GPC strategy in managing motor and 

resistive torque in an all-wheel-drive electric vehicle. Initially, the curves CemR_r, CemR_f, CemL_r, and 

CemL_f represent the torque applied to the right rear, right front, left rear, and left front wheels, respectively. 

All wheels receive a synchronized torque of approximately 27 N·m to initiate movement, followed by a rapid 

drop to near-zero values, indicating that the vehicle reaches a standstill. Subsequent torque variations occur 

around 3 s, 5 s, and 7 s, suggesting adaptive responses to course corrections or changes in driving dynamics. 

Instantaneous changes are marked with blue dots, highlighting external disturbances or setpoint adjustments. 

Meanwhile, the resistive torque remains negligible until 4s, then sharply increases to 7 N·m between 4 and  

5 s before stabilizing. This behavior indicates a sudden onset of resistance, handled efficiently by the control 

system. These results demonstrate the fuzzy GPC’s ability to regulate torque and reject disturbances 

effectively in electric vehicle traction systems. 

Figures 13 and 14 depict the steering angle [°] of an electric vehicle over time (s) using the fuzzy 

GPC control strategy, under both constant and variable speed conditions. In both cases, a similar pattern is 

observed: the steering angle remains constant at 0° from 0 to 2.8 seconds, then drops sharply to −6° between 

2.8 and 3.9 seconds, where it remains stable until 6.5 seconds. This is followed by a rapid increase to 6° 

between 6.5 and 7.5 seconds, and the angle remains steady until 9 seconds. This behavior indicates deliberate 

and symmetric steering adjustments with rapid transitions, suggesting that the steering system is effectively 

responding to controlled maneuvers or external disturbances. 
 

 

  
 

Figure 9. Motor speed for fuzzy GPC at constant 

speed 

 

Figure 10. Angular velocity of four wheels of the 

vehicle at constant speed 
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Figure 11. Electromagnetic couple cem for four 

wheels of the vehicle at constant speed 

 

Figure 12. Torque resistant at constant speed 

 

 

 

 
 

Figure 13. Steering angle at constant speeds Figure 14. Steering angle at variable speeds 

 

 

8.2.  Case of fuzzy GPC variable speed 

Figure 15 shows the motor speed [km/h] using fuzzy GPC control. It first shows a rapid increase 

from 0 to about 31.2 [km/h] in 0.2 s, with minimal overshoot and a rapid plateau within 0.4 s, as seen in the 

first zoomed-in image (0 to 0.6 s). The system then maintains high-speed stability until t = 4.5 s, at which 

point any disturbance or change in the setpoint results in a smooth transition to a new speed of about 

31.6 [km/h] at t = 4.7 s. In the second zoomed-in image at t = 5.5 s, the controller responds adeptly to a new 

event, precisely adjusting the speed to about 31.2 [km/h] at t = 5.6 s. These transitions exhibit rapid plateaus 

and minimal oscillations, after which the speed remains stable for the remaining simulation period of up to  

9 s. Clearly, the fuzzy GPC demonstrates excellent dynamic response, effective resistance to disturbances, 

and precise speed regulation under favorable conditions. 

Figure 16 represents the angular velocities, denoted by the symbols WrR_f, WrR_r, WrL_f, and 

WrL_r, respectively, in [rad/s], of the right front, right rear, left front, and left rear wheels of an all-wheel-

drive electric vehicle, over time (s). Initially, all wheels reach about 120 [rad/s] within 1 s, followed by stable 

velocities with slight fluctuations for up to 2 s. The velocities decrease to about 80 [rad/s] between 2 and 

3.5 s, and after 1 s, they return to 120 [rad/s], indicating consistent wheel dynamics during turbulence or 

maneuvering. From 6.5 to 7.5 s there is a sharp decrease to nearly 0 [rad/s], and it stays there until 9 s, 

indicating a controlled stop or a wide load change. The fuzzy GPC strategy ensures that the wheel motion is 

synchronized at all times. 
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Figure 17 illustrates the motor torque values ([N·m]), labeled CemR_r, CemR_f, CemL_r, and 

CemL_f, corresponding to the right rear, right front, left rear, and left front wheels, respectively, of an all-

wheel-drive electric vehicle, plotted over time [s]. Initially, all torques peak at approximately 3 [N·m] around 

1 s, followed by oscillations between 0.5 and 2 [N·m] until 4 s, reflecting dynamic adjustments during 

maneuvers or acceleration. The torques then stabilize around 1.5 [N·m] between 4 and 6 s. A sharp decrease 

occurs between 6 and 7 s, and after 8 s, they settle at approximately 1 [N·m], remaining constant until 9 s. 

This behavior indicates a controlled torque reduction likely due to a load variation or vehicle deceleration, 

while ensuring a balanced torque distribution across all four wheels. 

Figure 18 presents the resistive torque [N·m] over time. It increases rapidly from 0 to 1.25 [N·m] 

within the first second, then fluctuates slightly between 1.1 and 1.25 [N·m] up to 4 s. Between 3 and 3.5 s, it 

decreases to 1 [N·m], followed by a sharp increase to 1.35 [N·m] between 4 and 5.5 s. A significant drop 

occurs between 6.5 and 7.5 s, bringing the value back to 1 [N·m], where it stabilizes after 9 s. These 

variations suggest that the system responds to dynamic conditions such as turbulence or maneuvers, 

confirming its capacity for controlled and stable torque regulation. 

The fuzzy GPC analysis highlights the system’s effectiveness in maintaining constant speed while 

adapting to maneuvering conditions. As shown in Figures 7, 9-12, and Figures 8, 15-18, the fuzzy GPC 

maintains a stable reference speed of approximately 31–31.6 [km/h] in under 2 seconds, with minimal 

overshoot and rapid stabilization. For instance, Figure 9 shows recovery from a perturbation within 5 s, and 

Figure 15 demonstrates re-stabilization at 31.2 [km/h] after a disturbance at 5.5 s. 

 

 

  
 

Figure 15. Motor speed for fuzzy GPC at variable 

speed 

 

Figure 16. Angular velocity of four wheels of the 

vehicle at variable speed 
 

 

  
 

Figure 17. Electromagnetic couple cem for 

fourwheels of the vehicle at variable speed 

 

Figure 18. Torque resistant at variable speed 
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Figure 7 confirms the superiority of fuzzy GPC over conventional PI and standard GPC controllers, 

maintaining 31.0 [km/h] with minimal deviation during disturbances (5 to 5.5 s). Figure 8 further highlights 

smoother transitions and a minor speed loss at 5.5 s with fuzzy GPC, demonstrating better performance in 

steady-state regulation. In contrast, Figures 10, 16-18 illustrate the controller’s adaptability to dynamic speed 

conditions: i) Figure 10 shows angular velocity fluctuations around 120 [rad/s]; ii) Figure 16 shows a 

transition from 120 to 0 [rad/s]; iii) Figure 17 displays torque adjustments from 3 to 0 [N·m]; and iv) Figure 

18 presents controlled variations in motor speed between 0 and 1.35 [km/h]. These results demonstrate that 

the fuzzy GPC effectively regulates speed under both steady and transient conditions, rejecting strong 

disturbances and ensuring coordinated torque distribution and wheel synchronization for enhanced system 

stability. Throughout Figures 11, 12, and 18, the resistive torque rose steeply from 0 N m to levels between 7 

and 7.5 N m. The fuzzy GPC kept speed variations under 0.4 km/h equating to a sensitivity ofless than 1.3%. 

By contrast conventional GPC and PI showed variations ranging from 1.2 to 1.6 km/h indicating a 22%–35% 

increase, in sensitivity, which verifies the disturbance rejection capability of the suggested approach. 

Figures 10 and 16 display fluctuations in wheel angular velocities, especially shifts, from 120 to 

0rad/s. Nonetheless the fuzzy GPC kept the wheel-speed difference below 3% demonstrating efficient torque 

reallocation. Standard GPC demonstrated imbalance figures reaching 11% reflecting a greater responsiveness 

to changes in load and terrain. The speed changes occurring at 4.5 s and 6.5 s, in Figures 7, 8, and 15 were 

monitored by the fuzzy GPC showing overshoot (<0.2 km/h) and settling within 0.2–0.3 s. This indicates a 

sensitivity index below 0.5% whereas the overshoots, for GPC and PI varied between 0.8 and 1.4 km/h (3%–

5% sensitivity). As demonstrated in Figures 13 and 14 changes in the steering angle from 0° to ±6° caused 

fluctuations in load. The fuzzy GPC counteracted these fluctuations with recovery durations under 0.4 s 

while other controllers took over 1 s showing that fuzzy GPC has than 60% less sensitivity to disturbances 

caused by steering. Overall, the sensitivity analysis confirms that the fuzzy GPC controller consistently 

demonstrates lower sensitivity to disturbances and parameter variations than PI and standard GPC, thereby 

validating the claims regarding its superior robustness, faster transient response, and enhanced stability 

across both constant and variable-speed scenarios. 
 

 

9. CONCLUSION 

In this study, the fuzzy GPC technique was implemented and simulated to control four induction 

motors integrated within an electronic differential structure for an electric four-wheel-drive vehicle 

(EV4WD). The proposed hybrid control method relies on two key principles: the GPC switching table and 

the predictive evaluation of future angular velocity, electromagnetic torque, steering angle, and resistive 

torque. Simulation results confirm that the fuzzy GPC strategy offers robust control and strong adaptability to 

varying speed profiles. This capability enables the system to deliver excellent performance under both 

steady-state and transient conditions. Moreover, the fuzzy GPC approach demonstrates improved torque and 

speed responses, superior constant speed regulation, and enhanced disturbance rejection compared to the 

conventional GPC method. Overall, the findings suggest that fuzzy GPC provides a flexible and effective 

control framework for electric vehicle applications. This work also offers guidance for the selection and 

development of alternative speed control strategies in future intelligent traction systems. 
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