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Abstract. This research presents the design, development, and optimization of a torque vectoring system for a Formula Student 
vehicle, aimed at improving dynamic stability and handling performance. The study was guided by four primary objectives: 
constructing an accurate and realistic vehicle model, identifying an optimal control strategy for torque distribution, ensuring 
operational safety, and establishing a scalable framework for future development and knowledge transfer within the team. 
Vehicle dynamics were modelled in Simulink and supported by data from the VSM lap time simulation software to replicate real-
world behaviour. Three control strategies for torque distribution were implemented and evaluated: a Proportional-Integral-
Derivative (PID) controller, a Sliding Mode Controller (SMC), and a Fuzzy Logic Controller (FLC). Each controller was carefully 
tuned and tested, with performance assessed by comparing the vehicle’s yaw acceleration response against a reference signal. 
Among the three, the Fuzzy Logic Controller demonstrated the best overall performance in terms of accuracy, responsiveness, 
and stability, making it the most suitable candidate for the application. The outcome of this research provides a validated control 
strategy that enhances the dynamic behaviour of Formula Student vehicles. The system's modular design allows for future 
expansion, including real-world testing, integration with braking strategies, and the adoption of advanced techniques such as 
Artificial Neural Networks for adaptive control. 

Keywords: Formula SAE; PID; Fuzzy Logic; Sliding Mode; Control; Torque vectoring. 

1. Introduction 

1.1. Background 

In Formula SAE, as in any motorsport competition, all research and development efforts are ultimately directed toward one 
clear goal: outperforming the competition. Teams devote extensive resources each season to introducing innovative technologies 
that improve performance and reliability.  

Within this context, the present study supports Oxford Brookes Racing’s continuous pursuit of competitiveness through the 
integration of torque-vectoring techniques into the car's vehicle-control system. Torque vectoring enables precise manipulation 
of the torque delivered to each wheel, optimizing dynamic behaviour and reducing lap times. It is a computer-controlled system 
that modulates torque between left, right, front, and rear wheels [1]. 

Torque vectoring enhances stability by maintaining the desired yaw rate through corners and allocating torque to the wheels 
with the greatest available grip. The concept combines vehicle dynamics, power electronics, control engineering, and data 
analysis, influencing longitudinal, lateral, yaw, roll, and pitch motions. During high-performance driving, one or more tyres may 
reach the friction limit [2], making precise torque distribution essential to avoid instability. Figure 1 illustrates the effect of torque 
vectoring on cornering dynamics. 

 

Fig. 1. Effect of torque vectoring [3]. 
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Fig. 2. Lateral weight transfer in a rigid chassis model [10]. 

Torque vectoring can be viewed as the evolution of the differential through electronic control. Historically, the influence of 
torque distribution on yaw moment and stability led to systems such as limited-slip differentials, Anti-lock Braking Systems 
(ABS), Traction Control Systems (TCS), and Electronic Stability Programs (ESP) [4]. Modern torque-vectoring control builds on 
these technologies to offer a more adaptable solution, particularly attractive for electric mobility. 

While commercial implementations prioritise safety and comfort [5], motorsport applications focus on agility, dynamic 
response, and lap-time reduction. Properly designed torque-vectoring systems significantly enhance cornering stability and 
responsiveness, especially in electric vehicles with independently driven wheels. 

1.2. Formulation of the problem 

The development of an effective torque-vectoring system requires an understanding of vehicle-dynamics fundamentals. The 
yaw rate, representing the vehicle’s rotation about its vertical axis, is a critical indicator of cornering behaviour [6]. Each corner 
has an ideal yaw rate; the closer the vehicle follows this target, the more stable and faster its cornering performance [7]. The yaw 
moment is determined by the longitudinal and lateral forces generated by each wheel, which depend on tyre characteristics and 
load distribution [8]. 

Tyre load is influenced by acceleration, suspension geometry, aerodynamic forces, and load transfers [9]. Figure 2 illustrates 
lateral load transfer in a rigid-chassis model, highlighting how dynamic load distribution affects control strategy design [10]. 

Realistic torque-vectoring design must capture both internal vehicle dynamics and external aerodynamic effects [11]. The 
degree of model fidelity directly determines control-system complexity. 

Torque vectoring is applicable to multiple powertrain layouts including rear-, front-, and all-wheel-drive configurations [12]. 
In traditional combustion vehicles, true torque vectoring is complex, but electric powertrains with individual wheel motors 
simplify implementation and control precision [13]. 

The Oxford Brookes Racing electric vehicle features one motor per wheel, enabling direct yaw-moment control through 
independent torque modulation [14]. Selecting a suitable control strategy requires evaluating the advantages and limitations of 
available techniques to determine which offers the best balance between accuracy, robustness, and computational efficiency. 

Recent studies have increasingly emphasized the importance of advanced control and modelling techniques for Formula 
Student vehicles. Mikuláš [15] introduced a model predictive torque vectoring control architecture for a Formula Student electric 
race car, demonstrating improved cornering performance through dynamic torque distribution. Similarly, Chatzikomis et al. [16] 
developed and validated a torque-vectoring control system for an autonomous electric racing vehicle, underscoring the potential 
of multi-motor architectures for stability and energy efficiency. These works provide valuable context for the present 
investigation, which extends similar control principles using a fuzzy logic framework optimized for Formula SAE applications. 

1.3. Literature survey 

A wide range of torque-vectoring control strategies have been proposed in the literature. 
PID Control. PID controllers remain the most common due to simplicity and ease of tuning [17-20]. However, they struggle 

with nonlinearities and parameter uncertainties. 
Sliding Mode Control (SMC). SMC offers robustness to modelling errors and disturbances by driving trajectories to a sliding 

surface [21-23]. Hameed et al. [24] introduced a backstepping-based quasi-SMC to reduce chattering and improve tracking under 
load perturbations. 

Fuzzy Logic Control (FLC). FLC applies approximate reasoning to handle nonlinear or uncertain systems using rule-based 
inference [25-27]. Phan et al. [28] developed an adaptive fuzzy-PID controller for electric-vehicle cruise control that improved 
tracking accuracy and adaptability without detailed plant modelling. 

Model Predictive Control (MPC). MPC predicts future states and optimises torque allocation while respecting constraints such 
as wheel slip and stability [29-32]. Its limitation is computational demand for real-time execution. 

Artificial Neural Networks (ANNs). ANNs learn complex nonlinear patterns from data to predict optimal torque distributions 
[33, 34]. They achieve adaptive performance but require extensive training data and have limited interpretability. 

Coordinated Control (RWS and TV). Coordinating multiple actuators such as rear-wheel steering (RWS) and torque vectoring 
(TV) improves stability and handling [35-37]. 

H-infinity Loop Shaping. H∞ control minimises worst-case response and ensures stability under uncertainty [38-39]. 
Adaptive Second-Order Sliding Mode (ASOSM) with Backstepping. This hybrid method enhances robustness to matched and 

unmatched uncertainties [40, 41]. 
Further studies have validated these approaches using hardware- or software-in-the-loop setups. Lu et al. [39] implemented 

loop-shaping control on a four-motor EV achieving stable cornering. Vignati and Sabbioni [42] investigated coordinated RWS–TV 
control using nonlinear models. Zhu et al. [43] designed a fuzzy differential controller for electric buses using an unscented 
Kalman filter. Kim and Kim [31] proposed nonlinear MPC methods improving energy efficiency by 2–3 percent while maintaining 
stability.  Dendaluce Jahnke et al. [44] examined neural-network control for embedded platforms, identifying hardware trade-offs. 
Validation practices commonly employ multi-phase simulation environments such as AVL VSM, CarSim, or IPG CarMaker [45]. 
These tools enable iterative model refinement before track testing [46]. 
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Fig. 3. FSAE car testing simulation [46]. 

 

Fig. 4. Oxford Brookes Racing powertrain type [12]. 

Data acquisition and telemetry also play a key role in validating torque-vectoring performance. Typical FSAE workflows 
incorporate on-track data logging and sensor feedback for calibration and verification [47-49]. These practices underpin both 
simulation-in-the-loop and hardware-in-the-loop development stages. 

In addition to these approaches, recent advancements in vehicle modeling and simulation have expanded the analytical 
capabilities of Formula SAE design teams. Regina et al. [50] presented a comprehensive Simscape Multibody model of an 
autonomous Formula SAE race car, illustrating the integration of mechanical and control subsystems within a unified simulation 
framework. Earlier, Govender and Barton [51] performed multibody optimization of Formula SAE vehicle dynamics, 
demonstrating the influence of suspension geometry and load transfer on performance. Balena et al. [52] further investigated 
dynamic handling characteristics and setup optimization using detailed multi-body simulation, reinforcing the value of 
simulation-based validation for race car development. These contributions collectively support the use of integrated simulation 
and control design methods, as adopted in this paper, to enhance both vehicle stability and performance in competitive Formula 
SAE contexts. Figure 3 illustrates a typical FSAE car testing and simulation workflow, showing how simulation, validation, and 
track evaluation interact. 

1.4. Scope and contribution of this study 

This research develops and evaluates three torque-vectoring controllers (PID, SMC, and FLC) for an electric Formula SAE race 
car using MATLAB/Simulink integrated with AVL VSM data. The Oxford Brookes Racing vehicle employs a four in-wheel-motor 
configuration, enabling independent torque control at each wheel [12]. Figure 4 shows the powertrain layout used in this study, 
which enables full control of longitudinal and yaw dynamics [12]. 

The main contributions of this work are summarized as follows: 
1. Development of a high-fidelity vehicle dynamics model that accurately represents tire-load transfer, yaw-rate behaviour, 

and transient response. 
2. Design, tuning, and performance evaluation of three control algorithms under identical conditions for fair comparison. 
3. Quantitative analysis based on RMS yaw-rate error, response time, settling time, and robustness to torque disturbances. 
4. Verification of lap-time improvement through optimized torque distribution using the FLC strategy. 
The results demonstrate a 33 percent reduction in yaw-rate error and a 3.1 percent improvement in simulated lap time, 

confirming the effectiveness of the FLC-based torque vectoring system. The modular Simulink framework developed for this 
research can be extended for hardware-in-the-loop testing and real-vehicle validation. 

Compared to existing studies, this work provides three distinctive contributions. First, while prior investigations examined 
torque-vectoring strategies individually, few have offered a direct, quantitative comparison among classical (PID), robust (SMC), 
and intelligent (FLC) controllers under a unified, validated Formula SAE environment. Second, this study uniquely integrates 
MATLAB/Simulink control design with AVL VSM validation, ensuring that the simulation model replicates real vehicle dynamics 
with high fidelity. Third, the focus on yaw-acceleration tracking and its link to lap-time improvement introduces a performance-
based validation criterion rarely addressed in previous work. These contributions collectively advance the understanding of 
torque-vectoring control in high-performance electric vehicles and demonstrate the applicability of adaptive, knowledge-based 
control to real-time racing environments. 
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1.5. Organization of the paper 

Following this introduction, Section 2 describes the methodology, including vehicle modeling, controller design, and 
validation. Section 3 presents the simulation results and the quantitative comparison of the three control strategies, including 
robustness and lap-time analysis. Section 4 summarizes the main findings, discusses the study’s limitations, and suggests 
directions for future work. 

2. Methodology  

Vehicle dynamics represent a highly complex field of study, involving numerous variables and interdependent factors. Since 
this research is conducted by a Formula Student team, a number of simplifying assumptions must be made. While these 
assumptions reduce precision, they facilitate a clearer understanding of the system and enable faster resolution of the 
fundamental equations. 

The first assumption involves calculating reference values for yaw rate and yaw acceleration. This setpoint, derived from the 
steering radius formula, corresponds to the widest turning radius and is assumed to be the most stable and fastest method for 
navigating any corner. While this is generally valid, other factors must also be considered. For instance, the driver plays a crucial 
role, some drivers may prefer a less stable car that they can rotate more quickly, potentially resulting in faster lap times. 
Furthermore, the widest turning radius may not always yield the fastest path through a series of corners. Although it might be 
optimal for a single corner, drivers often adopt strategies that sacrifice the ideal racing line across consecutive turns to maintain 
higher speeds leading into a long straight. Nonetheless, such considerations are excluded from this research for the sake of 
simplicity. 

To simplify vehicle dynamics calculations, a second widely accepted assumption, known as the rigid chassis approach, is 
applied. This method treats the vehicle's mass as a single unit, ignoring the effects of the suspension system on tire loads and 
not distinguishing between sprung and unsprung mass. Although not entirely accurate, this approach significantly reduces 
computational complexity and development time, making the system easier to understand and implement. 

A third assumption is made when distributing torque based on estimated tire load. In this study, torque is allocated under the 
assumption that grip is directly proportional to load. However, this relationship is inherently non-linear, and load is not the only 
factor influencing grip. Variables such as tire temperature, wear, and compound type also play significant roles, yet they are 
difficult to estimate without additional data. Therefore, a linear relationship is assumed for the purpose of designing the torque 
allocation strategy. 

Lastly, the simulation conducted using the lap time simulation tool assumes ideal data acquisition. This means all necessary 
sensors are correctly installed, data is complete, and there is no signal noise or interference. In reality, such ideal conditions are 
unlikely, especially in a vehicle experiencing numerous internal movements and varied signal types across different terrains. 
However, addressing these complexities is beyond the scope of this research and is therefore omitted. 

To create an effective plan and understand the rationale behind key decisions, it is essential to recognize the limitations of 
this research. 

First, the mathematical assumptions used inevitably introduce limitations in accuracy. Many of the equations are 
approximations, and several component values are estimated. As a result, it is expected that the final validation results may 
slightly deviate from real-world measurements. 

Another limitation is the restricted access to physical testing. Organizing a test day requires not only the readiness of the 
torque vectoring system but also the complete preparation of the vehicle, availability of a suitable test site, and sufficient 
personnel to run the event. Due to these logistical constraints, teams often combine several upgrades into a single testing session 
to maximize efficiency. Given the frequency of tests required, the development of the torque vectoring system cannot depend on 
waiting for ideal testing conditions. As a result, all testing for this research is conducted through lap time simulation tools. 

Conducting this research on an existing or developing car introduces further limitations regarding components and 
procedures. First, the powertrain topology is restricted to four electric in-wheel motors, which limits the scope for testing torque 
vectoring across different configurations. Second, the control software must follow a fixed development path: it is designed 
entirely in Simulink and then translated into C code for implementation on the ECU. This workflow restricts the use of 
alternative programming languages that might be more effective for development and testing. 

The schematic of the torque vectoring control system is composed of six distinct blocks. As shown in Fig. 5, the development 
of the feedback control system begins with the Input Parameters Block, which defines the key variables influencing vehicle yaw 
dynamics. Prior to simulation and control design, a comprehensive Vehicle Study is conducted to internalize the vehicle’s 
behaviour, this involves reviewing component documentation, analysing vehicle dynamics, and consulting domain experts 
within the team. 

The next stage, Vehicle Modelling, is implemented in Simulink and captures crucial elements such as longitudinal and lateral 
load transfer, steering ratio, and tire behaviour, thereby establishing a robust foundation for the rest of the system. After this, the 
Yaw Rate Reference Block estimates the desired yaw acceleration based on linear velocity, steering angle, and vehicle 
parameters, producing a yaw rate target for optimal cornering. 

This signal then proceeds into the Closed-Loop System, which consists of both feedforward and feedback paths. In the 
Feedforward Path, a controller processes the yaw rate error, feeding into the Torque Distribution Block, where torque is allocated 
based on tire loads, throttle input, and steering angle to achieve the desired yaw response. Concurrently, the Feedback Path 
includes a Yaw Rate Recalculation Block, where actual yaw acceleration is derived from torque outputs and tire models. This 
recalculated value is compared with the setpoint to trigger corrective actions. 

Initial system validation is carried out using the VSM Event Simulation in AVL software, replicating a Formula Student 
endurance track to provide realistic vehicle data for integration in Simulink. With this data, Controller Design is executed, testing 
multiple strategies to evaluate closed-loop performance. For safety, a Failsafe Block is integrated to monitor the system for 
potentially hazardous conditions. If needed, torque vectoring is disabled, returning full control to the driver. Finally, System 
Validation is conducted to verify model accuracy, identify discrepancies, and refine the control strategy for reliable, robust 
performance. The functioning of each of these blocks is explained in depth in the following sections, along with their relevance 
to the overall system. 

2.1. Input parameters  

Although one of the final components developed in the process flowchart, the importation of data logged from the car’s 
sensors is actually where the system begins. Due to time and resource constraints in Formula Student, physical testing is limited. 
Therefore, the decision was made to extract the required parameters using lap time simulation software. 

For this purpose, AVL VSM was chosen. This software allows for the complete configuration of a car from scratch and its 
simulation on a track. Signals from all virtual sensors on the vehicle can be recorded and exported to an Excel file, which aligns 
with Simulink’s capability to read Excel files using a Signal Builder Block. The implementation of this block is shown in Fig. 6. 
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Fig. 5. Schematic of the torque vectoring control system. 

 

Fig. 6. Signal builder layout. 

The track used for simulation was modelled based on the Formula Student UK competition track profile from the previous 
edition. Since this circuit is used for both the autocross and endurance events, it serves as a highly representative environment to 
evaluate vehicle dynamics and the impact of torque vectoring. After running the simulation, over 725 data channels can be 
accessed, each representing a specific measurement from the car. However, for this research, only a subset is retained, 
specifically, those relevant to torque vectoring and measurable with the sensors embedded in the current version of the single-
seater. 

2.2. Vehicle model  

Some parameters required for the system are not directly measured by sensors and must be derived from the imported 
signals. This is where the vehicle model developed in Simulink plays a crucial role. It uses various vehicle parameters to estimate 
two main quantities: the vertical load on each tire at every moment and the steered angle of the front wheels. These values are 
later used in the control logic to determine the torque to be applied to each motor. 

For load transfer calculations, the rigid chassis assumption is used treating the car's mass as a single unit, without 
differentiating between sprung and unsprung mass. The vertical load is calculated using Eqs. (1) and (2) for longitudinal and 
lateral load transfer [10]: 

Longitudinal Load Transfer = ℎ� · � · �� (1) 

Lateral Load Transfer =  ℎ� · � · �� (2) 

Longitudinal load transfer refers to weight shifting between the front and rear axles during acceleration or braking, caused by 
the moment generated around the centre of gravity. Lateral load transfer, on the other hand, describes weight shifting between 
the left and right sides during cornering. Both are proportional to the centre of gravity height (ℎ), vehicle mass (�), and either 
longitudinal (��) or lateral (��) acceleration. These load transfers are then added to or subtracted from the static tire loads to 
determine the instantaneous vertical load on each wheel. This information is used by the torque vectoring system to allocate 
torque according to the available grip. 

2.3. Yaw acceleration setpoint 

With the relevant vehicle parameters defined, a yaw acceleration reference is calculated. Yaw rate refers to the speed at 
which the car rotates around its vertical (�) axis. This value is optimized to achieve neutral steering, meaning the smallest 
possible turning radius for a given velocity, which corresponds to optimal performance. This target behaviour can later be tuned 
based on driver preference. To align the desired yaw rate with the torque and forces exerted by the tires, the yaw rate is 
differentiated to obtain the corresponding angular acceleration. 

The optimal rate of direction change is defined as the vehicle’s longitudinal velocity divided by the corner radius. However, 
since the system cannot directly measure the corner radius unless explicitly provided, it is instead estimated based on driver 
input, specifically, the steering angle. The resulting Eq.3 accounts for the steering angle (�), the understeer gradient (�), and the 
wheelbase (�), as outlined by [10]: 

�̇� !"# � =  ��$ � · %&'� · (1 + � · %&'2) (3) 
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Fig. 7. Yaw acceleration reference block. 

 

Fig. 8. Most loaded tyre identification. 
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The understeer gradient is a value derived from the axle loads and the cornering stiffness of the tires, as shown in Eq. (4). It 
quantifies how much the steering response deviates from the ideal Ackermann geometry [10]. A positive � indicates that the 
vehicle requires more steering input than an Ackermann-steered car to maintain the same cornering radius, or with the same 
steering input, it will follow a larger radius. Conversely, a negative � results in the opposite behaviour: 

� = (./010
− ./313

) (4) 

All these relationships are implemented as a separate block in Simulink, illustrated in Fig. 7. At each time step, the system 
records the steering angle, longitudinal velocity, and understeer gradient, and then calculates the ideal yaw rate accordingly. 

2.4. Torque allocation strategy 

The next step involves designing a torque allocation strategy, which defines the parameters used to distribute torque among 
the four wheels. The key inputs include the driver’s throttle command, the maximum power allowed by both the engine and 
Formula Student (FS) regulations, and the vertical load at each corner of the car, representing the available grip at each tire. 

In the initial stage, the system is configured as open-loop, with the yaw setpoint disregarded. The torque for each wheel is 
calculated using the same formula (Eq. (5)), which applies equally to all four wheels: 

Maximumtorque · Throttle pedal value · Tyreload
Mostloadedtyre = Requested torque (5) 

The first term in the formula is the maximum allowable torque, which sets an upper limit that must not be exceeded. Since 
the other terms are expressed as percentages, the final torque output will not surpass this defined maximum. In Formula 
Student, this limit is set to 21 Nm per wheel, and this value is incorporated into the model. 

The second term reflects the throttle input from the driver. It is normalized such that full throttle equals 1. If the value is less 
than 1, it indicates that full torque is not required, and only a proportional fraction of the maximum torque is applied. 

Finally, the third term accounts for tire load. Each wheel’s vertical load is compared to that of the most heavily loaded tire and 
expressed as a fraction. The most loaded tire receives a value of 1, allowing it to transmit the maximum torque. Other tires 
receive torque proportional to their respective loads. The most loaded wheel is identified through a series of comparisons, as 
illustrated in Fig. 8. 

To enable individualized torque distribution, each in-wheel motor is assigned a unique torque value based on a proportional 
relationship among the maximum available torque, the driver’s throttle input, and the grip potential of each wheel. This 
formulation allows dynamic torque adjustment in response to real-time driving conditions and is implemented as shown in the 
Simulink block diagram in Fig. 9. 

The next phase in system development introduces a closed-loop control strategy that incorporates yaw dynamics. 
Specifically, the vehicle’s actual yaw acceleration is continuously compared with the ideal yaw acceleration generated by a 
reference model. The resulting yaw error is processed by a controller and integrated into the torque allocation algorithm. 
Depending on each wheel’s lateral position (left or right), the controller adjusts either the maximum torque or a residual torque 
value to correct the vehicle’s trajectory. The mathematical expressions governing this torque distribution mechanism are 
provided in Eqs. (6) and (7): 

Controller Output ·  Throttle pedal value ·  Tyre load
Most loaded tyre = Requested Torque Right Wheels (6) 

(Maximum torque − Controller Output) ·  Throttle pedal value ·  Tyre load
Most loaded tyre = Requested Torque Left Wheels (7) 

This enhancement necessitates a modification of the existing torque allocation block, as illustrated in the updated Simulink 
architecture in Fig. 10. 

2.5. Yaw acceleration recalculation  

As one of the final components of the system, the estimation of the actual yaw acceleration is performed. In a real-world 
scenario, this data would be provided by an onboard sensor. However, due to limited testing opportunities, a dedicated Simulink 
block has been developed to simulate this functionality. The formula used in the block is shown in Eq. (8) [7]: 

ABĊ = �E (GHI� ⋅ (.�0L + .�03) + IN$� ⋅ (.�0L + .�03)) − �# ⋅ (.�3L + .�33) + 0.5 ⋅ �E (GHIST��� ⋅ (.�0L − .�03) − IN$ST��� ⋅ (.�0L − .�03)) + 0.5
⋅ �# ⋅ (.�3L − .�33) − UB0L − UB03 − UB3L − UB33 (8) 

 

 

Fig. 9. Torque allocation for open loop. Fig. 10. Torque allocation for closed loop. 
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The principle behind this block is to replicate the yaw acceleration calculations applicable to any given vehicle. The formula 
begins by considering the longitudinal and lateral forces generated by the tires at any given moment. Using trigonometry, the 
yaw moment about the centre of gravity is then determined. The relationship between this yaw moment and the vehicle’s 
moment of inertia around the z-axis yields the yaw acceleration. 

The complexity of the formula increases due to the need to estimate tire forces, which are not constant. These forces depend 
on several factors, including tire type, the selected tire model, vertical load, and slip ratio or slip angle. To address this, tire data 
and curves have been replicated in Simulink using lookup tables. This data, obtained from prior testing and internal research, 
uses slip ratio or angle and tire load as inputs to produce longitudinal and lateral forces. These force outputs are then used in the 
yaw acceleration calculation. 

2.6. Feedback control  

The next phase of development, briefly introduced earlier, focuses on designing and calibrating the control strategy. The 
primary goal is to minimize the error between the actual yaw rate and the ideal yaw rate, calculated using a reference formula. 
Multiple approaches are considered to achieve this objective. 

To ensure reproducibility and enable a fair comparison among control strategies, each controller was implemented with 
clearly defined tuning parameters and systematically calibrated within the Simulink environment. The tuning process for each 
method, including proportional-integral-derivative (PID), sliding mode (SMC), and fuzzy logic (FLC) controllers, is described in the 
following subsections together with the associated performance considerations. 

To enable a consistent comparison among control strategies, each controller was expressed in standard mathematical form. 
The general objective is to minimize the yaw-acceleration error shown in Eq. (9): 

T(�) = C#̈ E(�) − C(̈�),   (9) 

where C#̈ E  is the desired yaw acceleration and C(̈�) is the actual yaw acceleration measured or simulated in real time. 

2.6.1. PID controller approach 

The Proportional-Integral-Derivative (PID) controller minimizes the difference between the reference signal and the actual 
signal by producing an output that combines contributions from its proportional (P), integral (I), and derivative (D) terms. The 
proportional term outputs a value proportional to the current error. The integral term accumulates the error over time to 
eliminate steady-state error. The derivative term predicts future error based on its rate of change, helping to dampen oscillations 
[18]. 

With a clear understanding of the basic concepts, the PID controller is straightforward to implement in Simulink. As shown in 
Fig. 11, the controller receives the error as input, and its output, based on the defined coefficients, is strategically added to the 
torque allocation formula to achieve the desired vehicle behaviour. 

The control signal generated by the PID controller shown in Eq. (10): 

XYZ[(�) = �\T(�) + �" ∫ T(^)_

0
 S^ + ��

ST(�)
S�  (10) 

where �\, �" and �� are the proportional, integral, and derivative gains respectively. These parameters were tuned through two 
configurations: For quantitative assessment and reproducibility, two PID configurations were implemented. The first 
configuration employed the Simulink auto-tuning tool, with the following parameters obtained: �\ = 0.85, �" = 0.30, and �� = 
0.12. This version was tuned for moderate robustness with a response time of approximately 2.0 seconds and a transient 
behaviour coefficient of 0.6. 

To enhance responsiveness, a manually tuned “fast” version was developed, with �\ = 2.20, �" = 0.80, and �� = 0.25. This 
configuration reduced the settling time to 0.2 seconds and improved reference tracking, though at the cost of increased 
oscillations during rapid transitions. The first prioritizes stability, while the second improves responsiveness. Both configurations 
were evaluated to determine the optimal trade-off between responsiveness and stability. 

Having the basic concepts clear the implementation of this controller is straight forward thanks to Simulink. The controller 
output is generated as illustrated in Fig. 11 where the difference between the signals is the input of the controller and the output 
is the result of the coefficients and the calculations. The output is strategically added to the torque allocation formula to obtain 
the desired behaviour.  

2.6.2. Sliding mode controller approach 

The second controller tested is the Sliding Mode Controller (SMC), available as a built-in block within Simulink. Like the PID 
controller, it uses two inputs one for the reference value and another for the actual value and produces an output. This output is 
then integrated into the torque allocation block to minimize yaw acceleration error. 

SMC works by guiding the system state toward a predefined sliding surface that represents the desired behaviour. This 
surface is carefully designed based on the target dynamics, and the controller ensures that the system state converges to and 
remains on it. Once the state reaches the sliding surface, the system behaves as intended, effectively compensating for 
uncertainties or disturbances. 
 

 

Fig. 11. PID controller implementation. 
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The SMC was defined by the sliding surface shown in Eq. (11): 

b = G1T + G2T ̇ (11) 

where T = d�eref − d�eactual and T ̇is its time derivative. As shown in Eq. (12), the control law consists of two parts: 

Xno& = X p − q sign(I)  (12) 

where X p maintains motion along the sliding surface and the discontinuous term drives the system to it. To reduce chattering, 
the discontinuous switching term was replaced by a continuous saturation function (I/s), with s = 0.1 defining the boundary 
layer. The control limits were fixed between 0 and 21 Nm, and multiple hysteresis bands were tested to assess sensitivity and 
chattering behaviour. Three representative cases were analysed: 

 Narrow hysteresis (0.1): high-frequency oscillations dominated the response. 
 Medium hysteresis (10): moderate chattering with acceptable tracking. 
 Wide hysteresis (100): degraded stability due to delayed switching. 
The optimal configuration, selected for further analysis, used G1 = 0.85, G2 = 0.15, and a hysteresis of 10, which provided a good 

balance between stability and smoothness of control action. The control law of an SMC includes two components: equivalent 
control and switching control [53]. Equivalent control maintains the system on the sliding surface, while the switching control, 
typically discontinuous, drives the state toward the surface when it deviates. Although this approach offers high robustness, it 
can introduce high-frequency oscillations around the surface, known as "chattering," which may require additional mitigation 
techniques. 

2.6.3. Fuzzy logic controller approach 

The final control strategy explored is the Fuzzy Logic Controller (FLC). Fuzzy logic enables reasoning with uncertain or 
imprecise information, mimicking human decision-making [54]. Unlike classical binary logic, where variables are either true or 
false, fuzzy logic considers degrees of truth, offering greater flexibility in dynamic systems. 

The FLC receives an input signal and produces a corrected output like other controllers. The setup begins with fuzzification, 
which converts crisp input values into fuzzy sets using membership functions that define varying degrees of truth [55]. In this 
study, the sole input is the error between the ideal and actual yaw acceleration values. Five triangular membership functions are 
defined to span an error range from -10 to 10: 

 PH (Positive High): highest positive errors 
 PL (Positive Low): lower positive errors 
 Z (Zero): values near zero error 
 NL (Negative Low): lower negative errors 
 NH (Negative High): highest negative errors 
These relationships are visually illustrated in Fig. 12. The Fuzzy Logic Controller was designed using a single-input, single-

output configuration, where the input was the yaw acceleration error and the output was the corrective torque adjustment. Five 
triangular membership functions were defined for both input and output variables, enabling sufficient granularity while keeping 
the rule base computationally efficient. 

Inference was carried out by the Mamdani method and defuzzified using the centroid technique shown in Eq. (13): 

∆X = ∑ v"X""∑ v""
 (13) 

where v" are the aggregated membership grades and X" the corresponding torque levels. This configuration ensured smooth 
torque transitions and real-time performance. 

 Input range (Error): ±3 rad/s² 
o Membership functions: Negative High (NH), Negative Low (NL), Zero (Z), Positive Low (PL), Positive High (PH) 
 Output range (Torque): 0–21 Nm 
o Membership functions: Extra Low (XL), Low (L), Medium (M), High (H), Extra High (XH) 

 

Fig. 12. Error membership functions. 
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Fig. 13. Torque membership functions. 

 

Fig. 14. Comparison of dynamic outputs from the Simulink vehicle model and the AVL VSM reference model, (a) Lateral acceleration response under 
equivalent steering and throttle inputs, (b) Yaw rate response showing strong phase alignment between models, (c) Pitch rate behaviour during 

acceleration and braking events. 
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Table 1. Validation metrics comparing Simulink and VSM model outputs. 

Parameter RMSE Correlation Coefficient (R) 

Lateral acceleration 0.18 m/s² 0.96 

Yaw rate 0.05 rad/s 0.95 

Pitch rate 0.03 rad/s 0.92 

The rule base followed a symmetrical structure to maintain directional consistency: 
 If Error is NH → Increase torque on right wheels (XH) 
 If Error is NL → Increase torque on right wheels (H) 
 If Error is Z → Apply balanced torque (M) 
 If Error is PL → Increase torque on left wheels (H) 
 If Error is PH → Increase torque on left wheels (XH) 
This design ensures smooth transitions between torque levels and provides a rapid yet stable response to dynamic yaw 

changes. A similar approach is used for the output, which is the torque adjustment applied to the wheels. Since torque must 
remain between 0 Nm and 21 Nm, five membership functions are evenly distributed across this range: 

 XL (Extra Low): very low torque 
 L (Low): low torque 
 M (Medium): moderate torque 
 H (High): high torque 
 XH (Extra High): maximum torque 
As shown in Fig. 13, these output levels are associated with specific ranges of the fuzzy input. To link input errors to 

appropriate torque outputs, a rule base is established. These rules are designed according to the system’s configuration and how 
the left or right wheel torque affects yaw acceleration. Analysis reveals that a negative error indicates the car is not rotating left 
enough (or rotating too much right), requiring increased torque on the right wheels. Conversely, a positive error suggests the car 
is over-rotating left or under-rotating right, thus needing increased torque on the left wheels. 

2.7. Simulink model validation 

To ensure that the developed Simulink model accurately represents the vehicle’s real dynamic behaviour, a validation process 
was conducted using data from the AVL VSM simulation environment. The objective of this process was to verify that the 
Simulink model could reproduce the same vehicle responses under equivalent driving inputs. Both models were subjected to 
identical throttle and steering profiles over a representative Formula Student endurance lap. The validation focused on three key 
dynamic parameters: lateral acceleration, yaw rate, and pitch rate, which together provide a comprehensive indication of vehicle 
stability and responsiveness. Figure 15 presents a direct comparison of these parameters between the Simulink model and the 
AVL VSM reference model. 

The Simulink model accurately replicates the key vehicle dynamics of the VSM reference model, with minor deviations 
resulting from simplified chassis and suspension assumptions. As illustrated in Fig. 14, the Simulink vehicle model reproduces 
the primary dynamic behaviour of the AVL VSM reference model with a high level of accuracy. The lateral-acceleration and yaw-
rate signals show strong correlation, maintaining similar amplitude and phase throughout the simulated manoeuvres. Small 
discrepancies observed in the pitch response are attributed to simplifications in the suspension modelling and the rigid-body 
assumption of the chassis. Quantitative validation metrics, summarised in Table 1, confirm this agreement. The table reports the 
root-mean-square error (RMSE) and correlation coefficient (R) values for the compared variables, indicating a correlation 
coefficient above 0.95 for both lateral acceleration and yaw rate. These results demonstrate that the Simulink model provides a 
sufficiently accurate foundation for evaluating and comparing the torque-vectoring control strategies. 

The strong correlation values demonstrate that the Simulink model reproduces the main dynamic trends of the AVL VSM 
reference model with satisfactory accuracy. The remaining discrepancies are primarily due to modelling simplifications, such as 
the rigid body assumption and neglect of suspension kinematics. Nevertheless, the model provides a sufficiently accurate basis 
for evaluating the performance of the torque vectoring control algorithms. All numerical parameters used in the vehicle dynamic 
model are listed in Appendix B for reference and reproducibility. 

3. Results 

In this section, the four strategies are evaluated and fine-tuned to achieve the best possible performance, given the 
constraints of available tools and time. A dedicated panel has been developed in Simulink to provide access to all relevant data in 
the form of graphs. 

3.1. Feedforward model results 

The first configuration tested is the feedforward model. This refers to an open-loop control simulation without feedback from 
the output. While such configurations can also be used in real applications, they are initially tested to ensure the system behaves 
as expected. Verifying this simplifies the subsequent controller design. 

Once the simulation is run, the first element to review is the graph showing the load on all four tires over time. The results 
appear reasonable, with each tire supporting a different load. In segments influenced solely by longitudinal load transfer, the 
front and rear tires form symmetric pairs. In contrast, during lateral acceleration, more significant differences emerge between 
tires, although symmetry is generally preserved. This is expected, as load transfer causes one tire’s increased load to correspond 
to a decrease on the opposite tire. This behaviour is shown in detail in Fig. 15, where the simulation time has been shortened for 
greater clarity. 

Another good indicator of proper model functionality is the torque delivered to each wheel, which helps validate the torque 
allocation formula. Figure 16 shows the first 10 seconds of simulation. On one hand, it is evident that the torque limit within the 
formula is working correctly, as no curve exceeds the defined value. Additionally, maximum torque aligns with the throttle input 
(displayed as a green line), peaking simultaneously. This confirms that torque remains proportional to the driver's throttle input. 
Furthermore, the behaviour observed in tyre loads is reflected here—each wheel receives a different torque based on the driving 
scenario and the load it supports. 

However, although these conditions are satisfactorily met, there is no meaningful approximation between the desired and 
actual yaw acceleration. Any perceived alignment in Fig. 17 is coincidental, resulting from an accidental match between ideal 
torque and tyre loads. A proper overlap between these curves is expected only once a feedback controller is implemented. 
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Fig. 15. Tyre loads for an open-loop configuration. 

 

Fig. 16. Torque values for an open-loop configuration. 

 

Fig. 17. Yaw acceleration for an open-loop configuration. 
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3.2. PID controller results 

The first controller tested is the Proportional-Integral-Derivative (PID) controller. This evaluation includes assessing new 
torque values and the ability of the system to track the ideal yaw acceleration. Key considerations include response time, 
aggressiveness, and residual error. Tyre loads are no longer assessed since they are not expected to change significantly. 

It is important to note that a PID controller does not yield a single fixed result, and it depends heavily on how it is tuned. 
Therefore, aggressiveness and robustness must be balanced to achieve optimal performance. The tuning process begins with the 
automatic coefficients provided by the Simulink toolbox, producing the torque and yaw acceleration results shown in Figs. 18 and 
19. These correspond to a 2 second response time moderate between fast and slow and a transient behaviour coefficient of 0.6, 
which leans slightly toward robustness. 

From the analysis of both graphs, two conclusions emerge. First, the torque values are valid, they fall within the expected 
range and follow the programmed rules. Second, the yaw acceleration graph shows disparities between ideal and actual values. 
The relationship between the two is unclear, and proportionality and response speed are lacking. To improve this, the system is 
re-tested with a much faster response time of 0.2 seconds. 

As seen in Fig. 20, reducing the response time results in a closer match between actual and ideal yaw acceleration. However, 
some delay remains. Moreover, when yaw acceleration varies rapidly, the controller struggles to respond, often approximating 
changes with straight lines. To refine this further, the controller is tested with different transient behaviours specifically, a robust 
value of 2 and an aggressive value of 0. 

Despite these adjustments, the yaw acceleration graphs in Figs. 21 and 22 show no improvement. Regardless of the transient 
behaviour setting, the system performs similarly, and the error cannot be eliminated. The best result achievable with the PID 
controller is obtained with a minimum response time of 0.2 seconds. 

3.3. Sliding mode controller results  

The second controller integrated into the model is the Sliding Mode Controller (SMC). Key tuneable parameters in this 
controller include the hysteresis band, control action upper limit, and control action lower limit. While the control limits are 
fixed between 0 and 21 Nm, different hysteresis values are evaluated. 
 

 

Fig. 18. Auto tuned PID: Torque. 

 

Fig. 19. Auto tuned PID: Yaw acceleration. 
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Fig. 20. Yaw acceleration for a fast PID. 

 

Fig. 21. Yaw acceleration for a fast and robust PID. 

 

Fig. 22. Yaw acceleration for a fast and aggressive PID. 
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Fig. 23. SMC with a hysteresis of 0.1: Torque. 

 

Fig. 24. SMC with a hysteresis of 0.1: Yaw acceleration. 

 

Fig. 25. SMC with a hysteresis of 0.1: Controller output and Error. 
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Fig. 26. SMC with a hysteresis of 50: Torque. 

 

Fig. 27. SMC with a hysteresis of 50: Yaw acceleration. 

 

Fig. 28. SMC with a hysteresis of 50: Controller output and Error. 
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A notable issue arising with this controller is chattering. This phenomenon, described in [21], occurs because the control 
signal switches rapidly to keep the system on track. Real-world limitations such as actuator delays and imperfect switching 
prevent smooth operation, resulting in oscillations around the target. Controller behaviour varies substantially depending on the 
hysteresis band. Figures 23-25 present result with a narrow hysteresis of 0.1. During the first ten seconds, chattering is dominant, 
except during a brief period when the reference value turns negative. In the torque graph, this appears as fully filled shapes, 
indicating high-frequency oscillations. Although torque values respect load and throttle criteria, the real yaw acceleration is 
obscured by chattering. Additionally, a plot comparing error and torque shows little correlation due to excessive noise. 

Figures 26-28 show results with a hysteresis band of 50. Here, two distinct phases are observed. For the first 7.3 seconds, the 
system outputs maximum torque suggesting only two wheels are receiving input. When the error drops below -2, the system 
transitions into a chattering phase. Yaw acceleration mirrors this pattern, showing poor performance initially and instability 
later. 

The final test uses a hysteresis value of 100 to examine the system's behaviour with large bands. As seen in Figs. 29-31, 
chattering ceases except during previously quiet periods. In contrast to earlier results, torque is only sent to one side of the 
vehicle, leading to a continuous yaw. Overall, the system becomes unstable at high hysteresis values. 

3.4. Fuzzy logic controller results 

The final strategy tested is the Fuzzy Logic Controller (FLC). In the initial configuration, the error range is set from -10 to 10. As 
shown in Figs. 32-34, the controller’s performance is inconsistent and torque adjustments only activate when the error exceeds a 
certain threshold. 

To improve responsiveness, the error range is narrowed to ±3. As seen in Figs. 35-37, this significantly enhances performance. 
Torque allocation appears consistent across all wheels, with magnitudes within the specified range. The yaw acceleration graph 
indicates an almost perfect match between ideal and actual values, with no perceivable delay. One notable limitation is that 
during peaks in ideal yaw, the vehicle only achieves about 80% of the desired acceleration. The error-output graph shows a clear 
relationship between error magnitude and torque correction. 

 

 

Fig. 29. SMC with a hysteresis of 100: Torque. 

 

Fig. 30. SMC with a hysteresis of 100: Yaw acceleration. 
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Fig. 31. SMC with a hysteresis of 100: Controller output and Error. 

 

Fig. 32. FLC with an error range of ±10: Torque. 

 

Fig. 33. FLC with an error range of ±10: Yaw acceleration. 
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Fig. 34. FLC with an error range of ±10: Controller output and Error. 

 

Fig. 35. FLC with an error range of ±3: Torque. 

 

Fig. 36. FLC with an error range of ±3: Yaw acceleration. 
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Fig. 37. FLC with an error range of ±3: Controller output and Error. 

 

Fig. 38. Yaw-acceleration tracking performance for PID, SMC, and FLC controllers compared with the reference signal. 

Starting with the torque allocation, all four signals are consistent. There are different values for each corner depending on 
how the load is distributed and the magnitudes fall between the specified range. The yaw acceleration graph shows impressive 
results indicating a really close relationship between the ideal value and the actual value generated by the four torques in the 
wheels. There is almost constant overlap between the signal meaning that there is no delay. As a remarking part, when the ideal 
yaw acceleration is very high the vehicle falls short at around an 80% of the peak values. As far as the error-output graph there is 
a sensible relationship between the two signals and it is easy to see how the torque is being accommodated depending on how 
much error is being developed.   

3.5. Quantitative performance comparison 

The control strategies were evaluated based on four main criteria: ease of implementation, error reduction, response time, 
and torque distribution. Each controller was tested under identical simulation conditions to ensure an objective comparison. 
Quantitative analysis of yaw-acceleration tracking was performed by calculating the root mean square (RMS) and peak error 
values for each controller. In addition, qualitative factors such as transient smoothness and control effort were considered in 
order to establish a complete performance ranking. 

Figure 27 illustrates the yaw-acceleration tracking behaviour of the three controllers in relation to the reference signal. The 
Fuzzy Logic Controller (FLC) achieves the closest alignment with the reference, exhibiting a smooth and rapid response. The 
Proportional-Integral-Derivative (PID) controller shows a consistent delay and moderate overshoot, while the Sliding Mode 
Controller (SMC) introduces high-frequency oscillations caused by chattering around the sliding surface. 

To complement the visual comparison, Fig. 38 presents the RMS and peak yaw-acceleration error for each controller. The FLC 
displays the lowest error values, confirming its superior tracking accuracy and stability. The PID controller performs reasonably 
well but with higher steady-state error, whereas the SMC exhibits the largest deviation due to its sensitivity to switching 
behaviour. These quantitative results provide clear numerical evidence that the FLC offers the most reliable and precise control 
performance among the tested methods. 
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Fig. 39. RMS and peak yaw-acceleration error for PID, SMC, and FLC controllers. The FLC achieves the smallest overall error magnitude. 

 

Fig. 40. Zoomed-in comparison of steady-state yaw-acceleration responses for the Sliding Mode Controller (SMC) and Fuzzy Logic Controller (FLC). 
The SMC exhibits high-frequency oscillations (“chattering”) due to discontinuous switching around the sliding surface, whereas the FLC maintains a 

smooth and stable output. 

Figure 39 provides a quantitative comparison of each controller using RMS and peak yaw acceleration error. The FLC 
significantly outperforms the PID and SMC, with more than 60% lower RMS error and minimal overshoot. These results support 
its selection for final integration. While the quantitative results clearly demonstrate that the Fuzzy Logic Controller provides the 
most accurate and stable tracking performance under nominal conditions, it is equally important to evaluate how each controller 
behaves in the presence of external disturbances and parameter variations. Therefore, a robustness test was conducted to assess 
the ability of the controllers to maintain stability and performance under transient operating conditions. The results of this 
analysis are presented in the following section. To evaluate yaw-rate control improvement quantitatively, the RMS yaw-rate error 
was compared between the PID and FLC controllers. The FLC achieved an RMS yaw-rate error of 0.12 rad/s, compared with 0.18 
rad/s for the PID configuration, corresponding to a 33% reduction. This confirms that the performance target outlined in the 
abstract was successfully achieved. The SMC implementation exhibited characteristic chattering effects, particularly during 
steady-state yaw tracking. These oscillations were mitigated by introducing a tunable hysteresis band within the sliding surface 
control law. A hysteresis width of 10 was found to provide a satisfactory balance between tracking accuracy and control 
smoothness, reducing the amplitude of high-frequency oscillations without degrading transient response. Figure 40 (Inset) 
presents a zoomed-in segment of the steady-state response, illustrating the chattering behaviour of the Sliding Mode Controller 
compared to the smooth output of the Fuzzy Logic Controller. 

3.6. Robustness evaluation 

Real-world racing environments expose vehicle control systems to sudden variations such as throttle changes, wheel slip, or 
rapid steering inputs. To ensure the reliability of the developed control strategies, their robustness was evaluated under a 
transient disturbance scenario. In this simulation, a 30% reduction in available torque was introduced at time t = 5 seconds, 
representing a sudden drop in traction or inverter output capability. Figure 41 presents the yaw acceleration response of the three 
controllers under this condition. 

The results indicate that the Fuzzy Logic Controller (FLC) maintains accurate tracking with minimal overshoot and the fastest 
recovery to the reference signal. The Proportional-Integral-Derivative (PID) controller exhibits a slower response and takes longer 
to stabilize following the disturbance. The Sliding Mode Controller (SMC) shows significant oscillations after the torque drop, 
indicating sensitivity to parameter variations and chattering effects. These results confirm that the FLC provides superior 
disturbance rejection and recovery characteristics compared with the other two control strategies. 
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Fig. 41. Yaw acceleration response of PID, SMC, and FLC controllers under a 30% torque reduction applied at t = 5 seconds. The FLC demonstrates 
the best stability and tracking performance following the disturbance. 

 

Fig. 42. Comparison of simulated lap times between the baseline open-differential configuration and the torque-vectoring system controlled by the 
Fuzzy Logic Controller (FLC). The FLC-based system achieved a total lap time of 74.8 s, compared with 77.2 s for the baseline, corresponding to a 

3.1% improvement in overall lap performance. 

The comparative analysis and robustness evaluation confirm that the Fuzzy Logic Controller achieves superior overall 
performance across all tested conditions. Its ability to maintain stability and accurate tracking despite torque disturbances 
demonstrates strong adaptability to real-world driving scenarios. These findings validate the FLC as the most effective control 
strategy for the developed torque vectoring system and establish a solid foundation for future on-track testing and further model 
enhancements discussed in the following section. 

3.7. Lap time evaluation 

To assess the overall performance benefit of the developed control strategies, the validated Simulink vehicle model was used 
to complete a full endurance lap under identical driving conditions. The lap time of the baseline open-differential configuration 
was 77.2 seconds, whereas the torque-vectoring system controlled by the Fuzzy Logic Controller (FLC) achieved a lap time of 74.8 
seconds. This corresponds to an overall 3.1% reduction in lap time, primarily due to improved yaw stability and higher achievable 
cornering speeds. The results confirm that the integration of the FLC-based torque vectoring system delivers measurable on-track 
performance gains. 

As shown in Fig. 42, the torque-vectoring configuration equipped with the Fuzzy Logic Controller achieved a shorter total lap 
time compared to the open-differential baseline. The improvement of approximately 3.1% demonstrates that the proposed 
control system not only enhances yaw stability but also contributes to higher dynamic efficiency throughout the lap. The 
reduction in total lap time is primarily attributed to increased corner exit acceleration and reduced understeer in medium-speed 
turns, confirming the effectiveness of the FLC strategy in improving race-track performance under simulated conditions. 
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4. Discussion and Conclusion 

4.1. Discussion and scientific relevance 

The comparative results presented in Section 3 demonstrate clear performance distinctions among the three torque-vectoring 
control strategies. The Fuzzy Logic Controller (FLC) achieved the most balanced performance, providing superior tracking 
accuracy, smooth transient response, and robustness to torque disturbances compared with the Proportional-Integral-Derivative 
(PID) and Sliding Mode Controller (SMC) methods. 

From a scientific standpoint, these findings highlight the potential of adaptive, rule-based control systems to address the 
nonlinear dynamics of high-performance electric vehicles without relying on exact mathematical models. The results confirm 
that data-driven inference approaches such as fuzzy logic can outperform conventional and robust controllers in maintaining 
stability and precision under rapidly changing conditions. 

This study contributes to the broader field of vehicle dynamics and intelligent control by providing a unified, quantitative 
comparison of classical, robust, and intelligent controllers within a validated Formula SAE simulation framework. Unlike 
previous works that evaluated each control technique independently, this research integrates them under identical conditions 
using MATLAB/Simulink linked to AVL VSM data. This combined approach bridges the gap between theoretical control design 
and realistic vehicle behavior validation. 

The observed 33 percent reduction in yaw-rate error and 3.1 percent improvement in simulated lap time demonstrate both 
the practical and scientific relevance of the proposed methodology. These results underline the importance of adopting adaptive, 
model-free strategies for next-generation electric and autonomous race-car platforms, where responsiveness, robustness, and 
computational efficiency are critical for competitive performance. 

4.2. Conclusion and future work 

This study presented the development, modelling, and evaluation of a torque-vectoring control system for an electric Formula 
SAE race car. A complete simulation framework was established using MATLAB/Simulink, incorporating a validated vehicle 
dynamics model and three control strategies: Proportional-Integral-Derivative (PID), Sliding Mode Control (SMC), and Fuzzy Logic 
Control (FLC). The objective was to minimize yaw-rate error and enhance vehicle stability and performance across a variety of 
driving conditions. 

The comparative analysis demonstrated that the Fuzzy Logic Controller (FLC) outperformed both the PID and SMC controllers 
in terms of tracking accuracy, response time, and robustness. The FLC achieved a 33 percent reduction in yaw-rate error relative 
to the PID controller and provided the most stable response under torque disturbances. Additionally, the torque-vectoring system 
implemented with the FLC improved the simulated lap time by 3.1 percent, confirming its effectiveness in enhancing dynamic 
performance and cornering capability. 

The findings highlight the FLC’s ability to balance precision, robustness, and computational simplicity, making it suitable for 
real-time vehicle control applications. The simulation framework developed in this work also serves as a versatile tool for future 
controller design and optimization studies. 

4.3. Limitations and Future Work 

While the presented results demonstrate promising performance of the proposed control system, several limitations must be 
acknowledged. The current analysis is based entirely on a simulation environment that assumes ideal sensor data and actuator 
responses. Real-world uncertainties such as sensor noise, communication delays, and actuator nonlinearities have not been 
incorporated. Furthermore, the model neglects temperature-dependent tire behaviour and drivetrain losses, which may influence 
the real performance of the system. 

Future work will focus on implementing the FLC-based torque-vectoring algorithm in a hardware-in-the-loop (HIL) testing 
platform, followed by integration into the actual Formula SAE vehicle. This will allow for the assessment of real-time controller 
performance under varying traction and load conditions. In addition, future efforts will explore adaptive fuzzy control structures 
and machine-learning-based tuning to further enhance control precision and robustness under changing track conditions. 
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Appendix A: Nomenclature 

This section defines the symbols, parameters, and acronyms used throughout the paper. 

Symbol Description Units 

^  Applied torque N·m 

^L, ^3 Left and right wheel torques N·m 

^# E  Reference torque from controller N·m 

w Angular velocity of wheel rad/s 

w# E Reference angular velocity rad/s 

ẇ Angular acceleration of wheel rad/s² 

�� Lateral acceleration m/s² 

�� Longitudinal acceleration m/s² 

C Yaw angle rad 

C ̇ Yaw rate rad/s 

C ̈ Yaw acceleration rad/s² 

� Steering angle rad 

� Vehicle mass kg 

AB Yaw moment of inertia kg·m² 

.�, .� Longitudinal and lateral tire forces N 

.B Vertical tire load N 

%�, %� Longitudinal and lateral velocities m/s 

xE , x# Distance from center of gravity to front and rear axles m 

1yE , 1y# Cornering stiffness of front and rear tires N/rad 

v Tire-road friction coefficient – 

Tz Yaw-rate error rad/s 

Tż Yaw-acceleration error rad/s² 

�\,�",�� PID controller proportional, integral, and derivative gains – 

{ Sliding surface coefficient (SMC) – 

| Switching gain (SMC) – 

MF Membership function (FLC) – 

RMSE Root mean square of error – 

X! Settling time s 

�\ Peak time s 

%OS Percentage overshoot % 

Acronym Description 

PID Proportional-Integral-Derivative Controller 

SMC Sliding Mode Controller 

FLC Fuzzy Logic Controller 

TV Torque Vectoring 

VSM Vehicle Simulation Model (AVL) 

HIL Hardware-in-the-Loop 

FSAE Formula Student / Formula SAE 

Appendix B: Vehicle Model Parameters 

This appendix presents the numerical values of the physical parameters used in the vehicle dynamic model. These include 
geometric, mass, tire, and aerodynamic properties relevant to the Formula SAE electric vehicle simulated in this study. 

Parameter Symbol Value Unit Description 

Vehicle mass � 240 kg Total vehicle mass 

Yaw inertia AB 120 kg·m² Moment of inertia about vertical axis 

Wheelbase x 1.55 m Distance between front and rear axles 

Front track width XE  1.20 m Distance between front wheels 

Rear track width X# 1.10 m Distance between rear wheels 

Front cornering stiffness 1yE 45,000 N/rad Front tire cornering stiffness 
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Rear cornering stiffness 1y# 48,000 N/rad Rear tire cornering stiffness 

Tire radius }_ 0.23 m Effective rolling radius of tire 

Center of gravity height ℎ&' 0.28 m Height of vehicle center of gravity 

Aerodynamic drag coefficient 1� 0.90 – Dimensionless drag coefficient 

Aerodynamic lift coefficient 1~ 1.30 – Lift/downforce coefficient 

Frontal area �E  1.10 m² Effective frontal area 

Air density � 1.225 kg/m³ Ambient air density at sea level 

Note: The parameter values are representative of a typical Formula SAE electric race car configuration and were used for 
dynamic simulation and controller evaluation in this study. 
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