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Abstract

With the rapid development of Formula Student competitions, higher demands are being
placed on the vehicle performance of race cars. To further enhance vehicle performance, this
study investigates the optimization of three key indicators: maximum speed, 0-100 km/h
acceleration time, and energy consumption under the NEDC driving cycle. First, a vehicle
physical model was established on the AVL CRUISE 2019 R2 platform based on the vehicle
parameters, and corresponding simulation tasks were configured. Meanwhile, a numerical
model was developed in MATLAB R2022a and validated by comparing the predicted
maximum speed, acceleration time, and energy consumption with the CRUISE simulation
results. On this basis, a genetic algorithm was employed to optimize the battery pack
parallel number and the total reduction ratio so as to improve the vehicle performance. The
optimized parameters were then re-imported into the CRUISE model for further simulation
verification. The results indicate that, compared with the original configuration, the opti-
mized scheme leads to a slight increase in acceleration time, while significantly improving
the maximum speed and reducing the energy consumption under the NEDC cycle. Overall,
the proposed optimization method effectively enhances the vehicle performance of the
Formula Student electric race car.

Keywords: genetic algorithm; performance optimization; energy consumption per 100 km;
pure electric race car

1. Introduction
1.1. Background

The Formula Student Electric China (FSEC) competition presents significant dual
challenges to the performance of electric race cars. On the one hand, the 75 m acceleration
event requires excellent transient power output, demanding a high peak power-to-weight
ratio. On the other hand, the 22 km endurance event imposes stringent demands on
vehicle energy utilization efficiency and powertrain management [1]. According to the
2025 FSEC regulations, the maximum allowable voltage of the tractive system accumulator
is capped at 600 V, while the available tractive power is limited to 80 kW during dynamic
events. Additionally, the battery pack must meet strict safety, monitoring, and isolation
requirements, such as continuous measurement of cell voltages and temperatures via a
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Battery Management System (BMS), ensuring reliable shutdown behavior during fault
conditions for driver and vehicle protection.

These regulatory constraints heavily influence the race car’s design and perfor-
mance [2]. For example, limiting the maximum power drawn from the battery pack
directly impacts the selection of motor and inverter ratings, the sizing of the battery pack,
and the drivetrain gear ratio. Any deviation from these limits can lead to disqualification,
even if the hardware could theoretically provide higher outputs. Furthermore, constraints
on voltage, cell configuration, and safety systems demand a balanced approach in ac-
cumulator design, weighing energy capacity, peak discharge capability, total mass, and
thermal behavior [3,4]. Increasing battery capacity or parallel cell count improves energy
availability but also adds mass, negatively affecting acceleration and handling. Conversely,
opting for a high reduction ratio enhances launch torque but may limit the maximum speed
and worsen energy consumption during endurance events.

Therefore, optimizing the battery pack configuration in harmony with drivetrain
parameters within the framework of these stringent regulations is not just an academic
challenge but a crucial engineering process [5]. A systematic optimization framework is
essential to address the interdependence of battery design, traction system constraints,
drivetrain reduction ratio, and dynamic performance. These factors are pivotal to achieving
a competitive balance between power output, energy efficiency, and vehicle handling,
ensuring success in both acceleration and endurance events within the FSEC competition.

1.2. Literature Review

In the development of electric race-car powertrains, parameter matching is one of
the key factors affecting vehicle performance. While conventional parameter matching
methods for electric vehicle power systems have become relatively mature, they cannot
be directly applied to Formula Student electric race cars due to their complex operating
conditions, high dynamic response requirements, and stringent performance targets [6].

To accommodate the specific operating conditions of racing tracks, existing studies
have primarily focused on the optimization of control strategies and energy management.
Szanto et al. [7] established a race-car model in MATLAB/Simulink and conducted sim-
ulation studies, utilizing a filtering method with Gaussian distribution characteristics
to optimize relevant parameters, which significantly improved optimization efficiency.
Moreover, model predictive control (MPC), direct collocation, offline optimization, and
convex optimization frameworks have been applied to the simulation and optimization of
parameter allocation, dynamic torque distribution, mass distribution, regenerative braking,
and power regulation in race cars [8-12]. These studies demonstrated positive effects on
lap time, endurance capability, and overall vehicle performance. However, most of these
efforts have primarily focused on software-level strategy development, while relatively
limited attention has been given to the strong coupling among key physical parameters,
such as battery pack mass and total reduction ratio, and their fundamental constraints on
vehicle performance [13].

In terms of physical parameter matching, the Porsche Taycan adopts a heterogeneous
transmission architecture for the front and rear axles. By employing different total reduction
ratios across varying vehicle speed ranges and matching these with a high-power-density
battery system, it achieves a balance between low-speed acceleration performance and
high-speed energy conversion efficiency [14]. Similarly, in the Formula Student Electric Car
(FSEC) competition, participating teams continuously optimize the total reduction ratios
and battery pack parameters to achieve more effective powertrain parameter matching for
the 0-75 m straight-line acceleration event and enhanced endurance performance during
the 22 km endurance race [15,16]. However, such physical parameter matching still largely
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relies on engineering experience, and systematic multi-objective optimization studies aimed
at the coordinated improvement of dynamic performance and energy efficiency remain
insufficient. Consequently, achieving an optimal balance among the key performance
attributes of the race car continues to be a challenge [17].

Recent advancements in design automation provide promising solutions to these
challenges. Borowski and Rudolph [18] introduced a graph-based design language (GBDL)
to automate and formalize the engineering process for Formula Student race cars. Their
methodology, applied to the suspension system, demonstrates how an ontology-based
vocabulary and model transformations can automate the creation of consistent design
graphs. These design graphs integrate all aspects of vehicle design, enabling the automated
generation of 3D CAD models, kinematic simulations, and domain-specific analyses. By
supporting variant generation and dynamic simulation for performance validation, the
approach eliminates the need for manual updates between different tools, ensuring digital
consistency and addressing challenges such as data handling and tool fragmentation.

Furthermore, Borowski et al. [19] tackled the issue of managing design variants in
Formula Student race cars using an integrated digital engineering framework. This study
emphasizes the importance of a centralized design graph to ensure digital consistency
and streamline cross-domain integration, especially when multiple teams are working on
different subsystems. Automated variant generation and design optimization significantly
reduce design iteration time, allowing the team to explore a wider range of design possibili-
ties. The framework also incorporates natural language interfaces to make the design graph
more accessible to team members without formal modeling expertise, thereby enhancing
collaboration and knowledge transfer across teams.

To overcome the limitations in physical parameter matching and multi-objective
optimization, this study establishes a vehicle dynamic model and employs a multi-objective
optimization method to determine the optimal combination of battery pack mass and total
reduction ratio. The effects of these parameters on key performance indicators, such as
0-100 km/h acceleration time, maximum vehicle speed, and energy consumption, are
systematically analyzed to achieve a coordinated improvement in vehicle performance.

1.3. Main Contributions and Paper Organization

This study aims to improve both the competition performance and the vehicle perfor-
mance of a four-wheel-drive Formula Student electric race car by optimizing key parameters
of the powertrain system. First, a four-wheel-drive Formula Student electric race-car model
is established based on vehicle dynamics theory. A baseline vehicle model is then devel-
oped in the AVL CRUISE simulation platform using the physical parameters of the vehicle.
By comparing the simulation results under the NEDC driving cycle, the CRUISE model
is used to validate the economic performance simulation model established in MATLAB,
thereby verifying its accuracy and reliability. After model validation, the battery pack
parallel number and total reduction ratio are selected as the core optimization variables. In
combination with the FSEC competition regulations and practical engineering constraints
of the race car, the value ranges and boundary conditions of these two parameters are
determined. Subsequently, a genetic algorithm-based parameter optimization program
is developed in MATLAB, and iterative optimization is carried out to obtain the optimal
parameter combination for improving the vehicle performance of the electric race car.
Finally, the optimal parameters obtained by the genetic algorithm are incorporated into
the CRUISE model for simulation-based verification, and the effectiveness of the proposed
parameter optimization method is confirmed by comparing the vehicle performance before
and after optimization.

This study presents several key contributions to the field of electric race-car design:
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a.  Multi-objective Optimization Framework:

A multi-objective optimization framework based on the MATLAB numerical model
and genetic algorithm was proposed, specifically targeting electric race cars in the Formula
Student competition. This framework uniquely incorporates practical engineering con-
straints, such as battery configuration and competition rules, providing an effective and
feasible optimization solution that aligns with real-world applications.

b.  Consideration of Practical Engineering Constraints:

Unlike traditional theoretical optimization methods, this study takes into account
real-world constraints such as battery pack parallel number and total reduction ratio.
These constraints are optimized within the framework of competition rules, ensuring that
the results not only meet theoretical goals but are also directly applicable to practical
engineering challenges faced by electric race cars in competitions.

c.  Optimization Results and Performance Balance:

The optimization of the battery parallel number and reduction ratio resulted in a slight
decline in acceleration performance (1.07%), while energy consumption was reduced by
1.86%, and the maximum vehicle speed increased by 7%. These results illustrate a clear
balance between dynamic performance and energy efficiency, achieving improvements in
both areas while maintaining overall vehicle functionality. The optimized configuration
ensures better endurance, which is critical in long-distance race events like Formula Student.

d. Application to Electric Race-car Design:

This study presents a novel approach to electric race-car design, particularly when
facing the challenges of real-world vehicle design and competition requirements. The
proposed model can accurately predict vehicle performance across different configurations,
offering engineers a powerful decision-making tool to optimize design parameters for
better performance, efficiency, and competitiveness.

e.  Expansion to the Electric Vehicle Domain:

The optimization methods proposed in this study extend beyond electric race-car
design and can be applied to the optimization of powertrains for various types of electric
vehicles. This contributes to the ongoing technological advancement of the electric vehicle
industry, offering a foundation for future optimization processes in both competitive and
commercial vehicle applications.

The remainder of this paper is organized as follows. Section 2 introduces the con-
struction process of the full-vehicle model, including the modeling of key components
such as the battery pack and traction motor, and describes the multi-objective parameter
optimization method based on the genetic algorithm. Section 3 validates the accuracy of
the proposed model and presents the analysis and discussion of the simulation results.
Section 4 summarizes the main conclusions of this study and outlines directions for future
research.

2. Vehicle Modeling and Optimization Algorithm
2.1. Vehicle Parameters
2.1.1. Vehicle Model Establishment
The establishment of the vehicle model requires accurate determination of the funda-
mental vehicle parameters. In this study, the vehicle model was developed on the basis of

measured data collected from the race car. The detailed vehicle parameters are presented
in Table 1.
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Table 1. Basic vehicle parameters.

Parameter Value
Total mass (kg) 365
Curb mass (kg) 288
Wheelbase (mm) 1550
Rolling resistance coefficient (-) 0.05
Frontal area (m?) 1
Rolling tire radius (mm) 301
Static tire radius (mm) 287
Rotational mass factor (-) 1.017
Aerodynamic drag coefficient (-) 0.4
Air density (kg/ m?) 1.19
Axle load ratio (-) 0.5:0.5
Differential efficiency (%) 96
Reducer efficiency (%) 96
Total reduction ratio (-) 6

The architecture of the vehicle model is shown in Figure 1. The model adopts a four-
wheel-drive configuration and primarily consists of an electrical auxiliary load module,
a battery pack module, a traction motor module, a central differential module, front
and rear reducer modules, front and rear differential modules, as well as braking and
wheel modules. The electrical system, battery pack, and traction motor are interconnected
by green lines representing electrical signals, while the traction motor, powertrain, and
wheels are connected by blue lines representing mechanical signals. After completing the
connections, vehicle parameters and powertrain parameters are input into each module.
Finally, simulation tasks are set up to evaluate the vehicle’s energy consumption and
acceleration performance. The energy flow and power transmission process are as follows:
The battery pack supplies electrical energy to the traction motor, which converts electrical
energy into mechanical power. The output torque is then distributed through the central
differential, reducers, and differentials, and is ultimately transmitted to the wheels to drive
the vehicle [20].

| =

Electric Vehicle
r 7
5 4 €3
) &3 @ § 19
- 18 - .
Vehicle: Rear Left Vehicle: Front Left
l I ﬁ
ical 7
Electrical System Li-lon Batterie 320V 3 g

Rear Disc Brake

Front Disc Brake;

12 9
eDrive
fia G G g § @
g - 2 . N 15 : 3., N 14
o PV !

Final Drive Central Diffential Final Drive

-

Differential

Differential

- =

"o [ e

7 Brake & mBrake Unif _eDrive Control Systen
G 7
11 g 7 B > " o 10 g
Rear Disc Brake ASC Zm G Front Disc Brake|
" H - i
7 Cockpit ASC Dnline monito| Constants 6

Vehicle: Rear Right

Figure 1. Full-Vehicle Simulation Model.

Vehicle: Front Right

https://doi.org/10.3390/vehicles8050111


https://doi.org/10.3390/vehicles8050111

Vehicles 2026, 8, 111

6 of 16

2.1.2. Race-Car Performance Design Targets

Based on the FSEC scoring rules and previous competition experience, the target
values for the dynamic and economic performance of the race car were determined in this
study, as summarized in Table 2. For dynamic performance, the race car was required to
achieve a 0-100 km /h acceleration time of less than 4.5 s and a maximum vehicle speed
greater than 140 km/h. For economic performance, the vehicle was required to exhibit an
energy consumption of less than 10 kW-h/100 km under the NEDC driving cycle and a
driving range of more than 22 km.

Table 2. Overall performance targets.

Category Performance Metric Target Value
Dvnamic performance Maximum speed (km/h) >140
y p 0-100 km /h acceleration time (s) <45
Energy consumption under the NEDC cycle <10
Economic performance (kW-h/100 km)
Driving range under the NEDC cycle (km) >22

2.2. Powertrain Modeling

The battery pack is one of the most critical components of the powertrain system in a
Formula race car. Its primary function is to provide electrical energy to the traction motor,
thereby propelling the vehicle. The battery pack not only directly affects the driving range of
the race car, but also has a significant influence on the vehicle mass distribution and running
resistance. Therefore, its selection and parameter design are of great importance [21]. The
FSEC competition imposes stringent requirements on the lightweight design, transient
power response, and continuous output capability of the race-car powertrain [22-24].
Compared with conventional lead-acid batteries and nickel-metal hydride batteries, lithium-
ion batteries offer several advantages, including high energy density, high charge—discharge
rate capability, low mass, and low self-discharge rate, making them more suitable for the
combined requirements of high power density and lightweight design in race cars [25].
Therefore, considering both the performance advantages of lithium-ion batteries and the
practical requirements of the competition, a lithium-ion battery cell with a rated voltage of
3.6 V, a rated capacity of 2 Ah, and an internal resistance of 0.02 () was selected as the basic
cell of the battery pack in this study.

The specific parameters of the battery pack are listed in Table 3. To satisfy the voltage
requirement of approximately 300 V for the race car, the battery pack model was configured
with 84 cells in series and 9 cells in parallel, and the battery pack parallel number, denoted
by a, was selected as one of the optimization variables. In addition, the relationship between
the battery state of charge (SOC) and discharge voltage is shown in Figure 2 [26].

Table 3. Battery pack parameters.

Parameter Value

Total battery pack energy (kW-h) 5.4
Cell voltage (V) 3.6
Cell capacity (Ah) 2

Rated operating voltage (V) 300
Battery pack capacity (Ah) 18
Number of cells in series (-) 84
Number of cells in parallel (-) 9
Single-cell mass (g) 45

Internal resistance of a single cell ((2) 0.02
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Figure 2. Relationship between SOC and voltage.

The traction motor is also one of the core components of the race-car powertrain.
Its primary function is to convert the electrical energy supplied by the battery pack into
mechanical energy and to drive the wheels directly or indirectly, thereby enabling vehicle
motion. The performance of the traction motor has a substantial influence on the maximum
vehicle speed, driving range, and acceleration capability of the race car, and is also closely
related to vehicle operational safety and handling stability [27]. Considering the stringent
requirements of Formula race cars for lightweight design and vehicle performance, per-
manent magnet synchronous motors exhibit significant advantages over induction motors
and switched reluctance motors, including high power density, a wide speed range, and
low mass [28,29]. Therefore, a permanent magnet synchronous motor with a maximum
speed of 7500 r/min was selected as the traction motor in this study.

The specific parameters of the traction motor are listed in Table 4. To more accurately
calculate the energy consumption under the NEDC driving cycle, the traction motor
efficiency map shown in Figure 3 was imported into AVL CRUISE to characterize the
efficiency distribution of the traction motor over its entire operating range [30]. Meanwhile,
the corresponding efficiency map data were also implemented in the MATLAB model to
ensure the accuracy and consistency of the simulation results.

Table 4. Traction motor parameters.

Parameter Value
Rated power (kW) 25
Peak power (kW) 64
Rated speed (r/min) 2875
Maximum speed (r/min) 7500
Rated torque (N-m) 83
Peak torque (N-m) 200
Motor efficiency (%) 95
Motor controller efficiency (%) 95
Rated voltage (V) 300

Finally, a single-stage reducer was employed in the transmission system, and the
reduction ratio of the front and rear reducers, denoted by b, was chosen as one of the
optimization variables [31,32]. As a critical intermediate component between the traction
motor and the driving wheels, the reducer not only increases the output torque, but also
plays an essential role in optimizing the operating state of the transmission system and
enhancing both the dynamic performance and energy efficiency of the vehicle.
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2.3. MATLAB-Based Numerical Model

In this study, a MATLAB-based numerical model was developed to evaluate the effects
of the battery pack parallel number 2 and the total reduction ratio b on vehicle performance.
The model was implemented after the CRUISE vehicle model was established. The NEDC
speed profile was imported as the driving cycle, and the vehicle speed was converted
to meters per second. The acceleration at each time step was computed using the finite-
difference method.

Since the battery pack parallel number a affects the battery pack mass and the total
vehicle mass, the vehicle mass m is expressed as a function of a as follows:

m = 365+ 3.78(a — 9) )

In this equation, 365 kg represents the baseline total vehicle mass, and 3.78 kg repre-
sents the mass variation due to changes in the battery pack parallel number. This value was
calculated based on the 84-series battery pack configuration and a single-cell mass of 45 g.

2.3.1. Maximum Vehicle Speed Calculation

The maximum vehicle speed is determined by comparing the maximum available
motor torque Tmmax With the required motor torque Tp,. Under steady-state driving
conditions, rolling resistance and aerodynamic drag are considered, while acceleration
resistance is excluded. The reason for excluding the acceleration resistance term is that the
vehicle is assumed to be in a steady-state condition when calculating the maximum speed,
where the acceleration is negligible. Therefore, only the constant resistive forces (rolling
and aerodynamic) are considered. The required wheel torque Ty, is calculated as:

Tw = (Pr + Fa)rw (2)

In this equation, F; and F, denote the rolling resistance and aerodynamic drag, respec-
tively, and ryy is the rolling tire radius. The maximum available motor torque T, max is then
converted to the wheel-side maximum driving force Fnax as:

Tm,maxb

Tw

®)

Fmax =

When T max becomes less than the required motor torque Ty, the corresponding
vehicle speed is considered the maximum speed.
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2.3.2. 0-100 km/h Acceleration Time

The 0-100 km /h acceleration process involves calculating the maximum driving force
at the wheels. The maximum driving force Fnay is calculated similarly, based on the motor
torque, total reduction ratio, and rolling tire radius. The remaining driving force Fiot
available for acceleration is then given by:

Fot = F maxHtrans — F; (4)

In this equation, F; is the total driving resistance, and #irans is the total transmission
efficiency. After considering tire adhesion limitations, the vehicle acceleration ay is limited
as follows:

1y = min(?et, 7.79) (5)

m

In the equation, ¢ is the rotational mass factor. The acceleration time is then computed
by numerical integration over the speed range:

AUi
to-100 = Z p (6)
i

v,i

In this equation, Av; represents the speed increment between adjacent speed points,
and ay ; is the corresponding acceleration at each speed point.

2.3.3. Energy Consumption Calculation

Energy consumption is calculated under the NEDC cycle, considering rolling resis-
tance, aerodynamic drag, and acceleration resistance. The required wheel torque Ty is
given by:

Ty = |f(v)mg + %pCDsz +0mo | ry )

The motor torque Ty, is calculated by:

Ty
Tm = 8
o bﬂtrans ®
The battery-side power demand P, is computed as:
_ Tmwm
P = 10007 ©

In this equation, wp, is the motor speed, and #, is the motor efficiency. The total
energy consumption E is then calculated by integrating the battery-side power over time:

E =) DAt (10)
i

Finally, the energy consumption per 100 km is calculated by normalizing the total
energy consumption over the driving distance:

Eip0 = g x 100 (11)

In the equation, Ejq is the energy consumption per 100 km, E is the total energy
consumed over the NEDC cycle, and S is the total driving distance in kilometers.

In this study, the MATLAB-based numerical model was used to calculate the maximum

vehicle speed, 0-100 km/h acceleration time, and energy consumption for different combi-

nations of battery pack parallel number a and total reduction ratio b. These results provide
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a numerical basis for the subsequent optimization using genetic algorithms, ensuring that
the vehicle’s performance is accurately evaluated under various configurations.

2.3.4. Endurance Performance Optimization

In this study, vehicle performance is evaluated based on three key indicators: max-
imum speed, 0-100 km/h acceleration time, and energy consumption under the NEDC
cycle. While maximum speed and acceleration time are typically core performance metrics,
endurance is equally crucial in competitions, especially in events like Formula Student.
Therefore, we use energy consumption under the NEDC cycle to represent the vehicle’s
endurance performance.

In this section, the energy consumption per 100 km is calculated by integrating the
energy demand at each time step during the driving cycle. By optimizing energy effi-
ciency and reducing energy consumption, we directly enhance the vehicle’s endurance.
Through the optimization of the battery pack parallel number and the total reduction
ratio, energy consumption is minimized, which contributes to improved endurance per-
formance in long-distance races, especially under sustained driving conditions. These
parameter optimizations ensure that the vehicle operates efficiently in both acceleration
and endurance events.

Incorporating NEDC energy consumption into the optimization process ensures that
the vehicle’s endurance performance meets the strict requirements of the competition. The
energy consumption is based on the vehicle’s driving resistance, including rolling resistance,
aerodynamic drag, and motor efficiency. However, in the maximum-speed calculation,
since steady-state driving conditions are assumed, acceleration resistance is excluded. By
minimizing energy consumption, we optimize the vehicle’s endurance, contributing to
better overall performance in long-distance events.

2.4. Genetic Algorithm-Based Optimization

Given the nonlinear, non-convex, and mixed discrete-continuous characteristics of
the relationship between the objective functions and the decision variables, traditional
gradient-based optimization algorithms are not well suited to this problem. Therefore, the
genetic algorithm available in the MATLAB Global Optimization Toolbox was employed for
parameter optimization. This algorithm simulates the mechanisms of natural selection and
genetic inheritance in biological evolution and gradually approaches the global optimum
through iterative population evolution [33].

While the genetic algorithm was chosen for its capability to handle complex, multi-
variable, and non-linear problems, it is worth noting that other optimization techniques,
such as particle swarm optimization (PSO) or simulated annealing, could also serve as
viable alternatives. These methods have been successfully applied in vehicle performance
optimization in several studies, each offering unique advantages. For instance, PSO is
known for its fast convergence speed, whereas simulated annealing can help avoid local
optima by employing a cooling schedule. Despite the availability of these alternatives,
the genetic algorithm was selected for this study due to its ability to conduct global
searches across large solution spaces and its established success in solving multi-objective
optimization problems. The key advantage of genetic algorithms in this context lies in their
ability to maintain population diversity, thereby preventing premature convergence, which
is crucial for optimizing the parameters of electric race cars.

On this basis, a multi-objective and multi-parameter collaborative optimization study
was carried out, in which the energy consumption under the NEDC driving cycle, the
0-100 km/h acceleration time, and the maximum vehicle speed of the electric race car were
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taken as the optimization objectives, while the battery pack parallel number and the total
reduction ratio were selected as the decision variables.

2.4.1. Basic Procedure of the Genetic Algorithm

a. Population Initialization

An initial population containing N individuals is randomly generated. Each individual
represents a potential solution vector to the optimization problem, including the discrete
variable of battery pack parallel number, denoted by a, and the continuous variable of total
reduction ratio, denoted by b.

b.  Fitness Evaluation

According to the fitness functions corresponding to the optimization objectives, the
fitness value of each individual in the population is calculated and evaluated. This value
quantitatively reflects the quality of the solution represented by each individual and serves
as the basis for subsequent evolutionary operations.

c.  Selection Operation

A binary tournament selection method or roulette wheel selection method is employed
to select superior individuals with relatively high fitness values from the current population
as parent individuals. Individuals with higher fitness values have a greater probability of
being retained and passed on to the next generation, thereby reflecting the evolutionary
principle of survival of the fittest.

d.  Genetic Operations

Crossover: Parent individuals are randomly paired, and parts of their chromosomes
are exchanged with a given crossover probability to generate offspring individuals with
new characteristics. This is the primary mechanism by which the algorithm performs global
search and generates new candidate solutions.

Mutation: With a small mutation probability, the values of certain genes in the off-
spring individuals are randomly altered. This operation introduces population diversity,
effectively prevents premature convergence to local optima, and enhances the local search
capability of the algorithm.

e.  Population Update

The offspring generated through the genetic operations are used to replace the parent
population, thereby forming a new generation. The processes of evaluation, selection,
crossover, and mutation are repeated until the preset maximum number of iterations
is reached or no significant improvement is observed. The non-dominated solution set
obtained in the final population is then regarded as the Pareto front.

2.4.2. Genetic Algorithm Parameter Settings

The genetic algorithm solver in the MATLAB Optimization Toolbox was employed,
and the corresponding fitness function, number of decision variables, and constraint
conditions were defined accordingly. To ensure sufficient diversity in the initial population,
the population size was set to 100. In addition, the maximum number of iterations was
specified as 50 to balance computational cost and optimization accuracy. In this study, two
optimization variables were considered: the battery pack parallel number, denoted by a,
and the total reduction ratio, denoted by b. In the optimization process, the battery pack
parallel number a was constrained to the range of 8-15, whereas the total reduction ratio b
was constrained to the range of 5.5-8.0. In this multi-parameter collaborative optimization
of vehicle performance, the range of variables is set to address the interdependence between
the battery pack parameters and the total reduction ratio. The battery pack parallel number
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is constrained between 8 and 15, based on real vehicle constraints, to ensure the system’s
maximum power output capability while avoiding excessive increases in battery weight,
which could negatively impact the power-to-weight ratio and handling performance.
Similarly, the total reduction ratio is constrained between 5.5 and 8.0, with these limits also
derived from real vehicle considerations, to achieve an optimal balance between sufficient
launch torque, the required top speed, and the efficient operation of the traction motor.

3. Optimization Results and Validation
3.1. Model Validation

To verify the accuracy of the developed model, simulation analysis was carried out
under the NEDC driving cycle, and the corresponding results are presented in Table 5.

Table 5. Model validation results.

Software Acceleration  Energy Consumption Under the Maximum
Time (s) NEDC Cycle (kW-h/100 km) Speed (km/h)
MATLAB 3.70 7.08 141.8
CRUISE 3.72 7.00 141.81

Based on the measured vehicle data, the original vehicle configuration in this study
was defined with a battery pack parallel number a of 9 and a total reduction ratio b of 6.
The accuracy of the developed model was validated in both CRUISE and MATLAB by
comparing three key performance indicators, namely the 0-100 km/h acceleration time,
energy consumption, and maximum vehicle speed. The simulation results show that the
differences in acceleration time, energy consumption, and maximum speed were 0.5%,
1.0%, and 0.006%, respectively. All errors were within the acceptable engineering tolerance
of 3%, and the results exhibited a high degree of consistency. These results demonstrate
that the model accuracy is sufficient for the subsequent optimization study.

3.2. Analysis of Optimization Results

The simulation results of the original vehicle configuration, the lower- and upper-
bound configurations, and the optimized configuration were organized in MATLAB in
terms of three key performance indicators, namely 0-100 km/h acceleration time, energy
consumption, and maximum vehicle speed. The detailed simulation results are presented
in Table 6.

Table 6. Simulation results obtained from the MATLAB model.

MATLAB Configuration Acceleration Time ©)  WhA00 Ky Gy
a=9,b =6, original parameters 3.70 7.08 141.8
a=38,b =5.5 lower bound 3.69 6.93 154.7
a=15,b =8, upper bound 3.80 743 106.3
a=38,b=>5.6, optimized parameters 3.69 6.93 151.9
Improvement relative to the original 031 012 4712

parameters (%)

It can be seen from the simulation results that, compared with the original vehicle
configuration, the optimized configuration exhibits a shorter 0-100 km/h acceleration
time, although the improvement is relatively limited, at approximately 0.3%. The energy
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consumption is reduced by about 2%, while the maximum vehicle speed is increased more
significantly, by approximately 7%. Meanwhile, the optimized configuration also results
in a lower vehicle mass, which decreases from 365 kg to 361.22 kg. This mass reduction is
primarily due to the decrease in the battery pack parallel number from 9 to 8. Given that
each battery cell weighs 45 g and the battery pack adopts an 84-series configuration, the
removal of one parallel branch reduces the total battery pack mass by 3.78 kg. Therefore,
the optimized configuration not only improves dynamic performance and energy efficiency,
but also contributes to vehicle lightweighting, further demonstrating the effectiveness of
the proposed parameter optimization method.

3.3. Validation of the Optimization Results

The optimized parameters were then imported into AVL CRUISE for vehicle perfor-
mance simulation, and the corresponding results are presented in Table 7.

Table 7. Simulation results obtained from the CRUISE model.

CRUISE Configuration Accelerstion Time ) GWMIO0Km) G
a=9,b =6, original vehicle 3.72 7.00 141.81
a=38,b=5.5,lower bound 3.78 6.86 154.69
a=15,b =8, upper bound 3.76 7.26 106.37

a=38,b=>5.6, optimized parameters 3.76 6.87 151.93
Improvement relative to the original +1.07 186 +710

parameters (%)

In terms of endurance performance, the reduction in energy consumption is partic-
ularly important. The optimized configuration led to a 1.86% reduction in energy con-
sumption compared to the original vehicle, as shown in the CRUISE results. This reduction
in energy consumption directly contributes to improved endurance performance, as the
vehicle can travel longer distances with the same amount of energy, increasing its efficiency
in endurance events.

While maximum speed and acceleration time are often prioritized in racing, endurance
performance-especially energy efficiency over extended periods-remains equally critical.
In endurance events, such as the 22 km endurance race in the FSEC competition, the
vehicle’s ability to maintain performance without excessive energy consumption is cru-
cial. Therefore, the optimization of energy consumption in this study not only improved
dynamic performance (with a 7.10% increase in maximum speed) but also resulted in a
better balance between energy consumption and overall performance. The reduction in
energy consumption directly contributes to improved endurance, making the vehicle more
efficient in long-duration events, where maintaining performance over time is essential.

4. Conclusions

To improve the vehicle performance of the electric race car, a vehicle dynamic model
was first established in MATLAB and then rigorously validated against the AVL CRUISE
model. On this basis, a genetic algorithm was employed to optimize two key parameters,
namely the battery pack parallel number and the total reduction ratio. The results show
that, although the optimized parameter combination resulted in a slight deterioration
in acceleration performance of 1.07%, it reduced the energy consumption by 1.86% and
increased the maximum vehicle speed by approximately 7% to 151.93 km/h, thereby
achieving a favorable balance between dynamic performance and energy efficiency.
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The novelty of this study lies in its optimization design based on actual vehicles, such
as Formula Student race cars. Unlike traditional theoretical optimization methods, this
study takes into account the practical constraints of the battery pack parallel number and
reduction ratio, and conducts an in-depth quantitative analysis of electric race cars in the
context of competition rules. By employing a genetic algorithm to optimize these two key
parameters, this study not only proposes a multi-objective optimization framework but
also effectively integrates the practical engineering application requirements. This ensures
that the model is not only theoretical but also highly practical.

This study provides a new approach for the design and optimization of electric race
cars, particularly in the context of actual vehicle design and competition applications,
especially when facing specific constraints such as those in the Formula Student compe-
tition. Through this model, it is possible to more accurately predict vehicle performance
under different configurations, assisting engineers in making informed design decisions
and improving competitiveness in the competition. More broadly, the MATLAB-based
numerical model developed here provides an effective tool for research in the electric racing
car field and offers insights for the optimization of powertrains in other electric vehicles.

Although meaningful progress was made in parameter optimization, the optimized
parameter set has not yet been validated through real-vehicle testing. Therefore, future work
will focus on experimental validation using the race car in a real-world setting, thereby
establishing a complete validation pathway from theoretical optimization to practical
engineering application. Additionally, future work will further expand this model by
considering more complex track conditions and operational scenarios, with a particular
emphasis on the collaborative optimization of the battery and electric motor. Furthermore,
the optimization methods proposed in this study can be applied to the design of other
types of electric vehicles, contributing to the advancement of electric vehicle technology.
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