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Abstract: Equipping electric vehicles with a two-speed gearbox allows for achieving high torque
and maximum speed through appropriate gear ratio adjustments. Additionally, tuning motor
operating points to efficient zones, considering energy efficiency, significantly enhances the vehicle’s
overall performance. This paper presents an AWD system configuration method, integrating a
two-speed transmission to improve energy efficiency and driving performance through front and rear
motor torque distribution and powertrain specification optimization. Based on vehicle simulations
conducted using MATLAB/Simulink, a strategy for torque distribution between the front/rear axles
was established using fuzzy logic, considering energy efficiency and driving stability. Furthermore,
a multi-objective optimization was performed using a surrogate model trained through MATLAB
parallel simulations. When the optimization results were applied to various vehicle specifications,
it was observed that energy efficiency was improved, and acceleration performance was increased
compared to a baseline vehicle without optimization.

Keywords: AWD electric vehicle; two-speed transmission; torque distribution; surrogate model;
multi-objective optimization

1. Introduction

Due to global environmental regulations, countries are strengthening regulations on
internal combustion engine vehicles, and there is a notable trend towards the transition
to electric vehicles (EVs). Consequently, various existing internal combustion vehicles are
converted to electric vehicles [1–3]. However, electric vehicles face issues of short driving
ranges due to low energy density, and recently, consumers have had higher expectations
for the driving performance of electric vehicles. Against this backdrop, many automo-
bile manufacturers focus their research and development efforts on meeting these dual
demands [4].

A recent solution to these problems proposes the integration of a two-speed transmis-
sion in the EV layout. Typically, the fixed-ratio gear reducer installed in electric vehicles
provides sufficient acceleration performance even at low speeds due to the torque charac-
teristics of electric motors, and it is widely used due to its simple design and highly efficient
operation within a specific rotational speed range of the motor. However, fixed-ratio gear
reducers limit the dynamic performance of electric vehicles and reduce the utilization
of the motor’s high-efficiency range, thus hindering efficient driving [5]. A two-speed
transmission can satisfy both high initial drive torque and high top speeds. An appropriate
shifting strategy allows for controlling motor operation points, enhancing motor driving
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efficiency [6,7]. For instance, Huang et al. [8] demonstrated the advantages of a two-speed
transmission by comparing motor operation points with a fixed-ratio reducer and changes
in vehicle driving performance according to the gear ratio under the European New Driving
Cycle (NEDC). Janulin et al. [9] reduced the energy consumption of a vehicle by optimizing
the gear ratio parameters in actual traffic cycles.

The All-Wheel-Drive (AWD) layout can be utilized to enhance the driving performance
of electric vehicles. The AWD system delivers power to all wheels, providing superior
driving performance on slippery roads and rough terrains, thereby improving driving
stability and traction capabilities [10]. The multi-motor configuration of this system allows
for appropriate torque distribution to the front and rear motors, which enhances driving
performance and energy efficiency. In this context, Dizqah et al. [11] proposed a rapid
and parameterized torque distribution strategy for four-wheel drive electric vehicles to
increase energy efficiency. Cao et al. [12] suggested a method to improve vehicle energy
consumption and wheel slip ratio performance through multi-purpose optimal torque
distribution in four-wheel drive electric vehicles.

Therefore, the new structure equipped with a two-speed gearbox in the AWD layout
has the advantage of satisfying electric vehicle driving efficiency, vehicle power perfor-
mance, and driving stability through appropriate shift strategies and torque distribution.
Currently, many studies are being conducted related to this. However, as the layout be-
comes more complex, it is necessary to consider that the design time can increase due to
the many powertrain specification variables that must be considered during the vehicle
design phase. To address this, researchers have recently presented methods to optimize
various powertrain structures and pre-select component specifications to reduce design
time. For example, Kim et al. [13] presented a method to determine the optimal gear ratio
that satisfies the dynamic performance of hybrid electric vehicles while minimizing energy
consumption. Nguyen et al. [14] proposed an energy management strategy through gear
shift scheduling using a dual-loop optimization algorithm to explore motor capacity and
gear ratios.

Related prior studies primarily focus on optimizing gear ratios to improve the per-
formance of electric vehicles, and there are few studies on the simultaneous optimization
of motor specifications and shift maps. Individually optimizing the gear ratio, motor
specifications, and shift maps has the advantage of simplifying the optimization process.
However, this method does not reflect the interaction between these elements. Therefore, it
cannot guarantee the system’s optimal performance. Additionally, the design of objective
functions is crucial when performing multi-objective optimization. However, designing
objective functions based on formulas can result in a lack of credibility in the solutions
derived from optimization, as they fail to fully reflect vehicle modeling. Therefore, to
address these issues, the main contributions of this paper are summarized as follows:

(i) A method is presented for the simultaneous optimization of motor specifications,
reduction ratios, and shift maps, considering torque distribution strategies for both
front and rear wheels, which is expected to maximize vehicle performance;

(ii) An objective function was designed by training electric vehicle simulation data using
deep learning for application in multi-objective optimization. This approach enhances
the credibility of selecting optimal specifications for the AWD EV powertrain.

Firstly, the paper proposes a method that integrates motor torque distribution strate-
gies with optimization techniques to fully utilize the characteristics of AWD EVs equipped
with two-speed gearboxes. Changes in component specifications, such as motor specifi-
cations and reduction ratios, result in variations in the torque distribution ratio map to
maximize energy efficiency. Consequently, a variable torque distribution ratio 2D Look-up
Table, adjusted for various input parameters (maximum motor torque and power, front
and rear reduction ratios, shifting speeds), is applied in the simulator. The simulation
outputs, such as State of Charge (SOC) variations and acceleration times, are then used
for optimization. This method offers the advantage of producing solutions close to the
system’s optimal performance by considering major powertrain component specifications
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simultaneously. An additional consideration is that focusing the torque distribution strat-
egy solely on energy efficiency often concentrates torque on one motor, which can reduce
vehicle stability in special situations like rapid acceleration or deceleration. In response,
the paper presents an integrated torque distribution methodology that can adjust between
a torque distribution strategy focused on energy efficiency and one focused on straight
driving stability based on Fuzzy Control.

Additionally, the objective functions used in this study for multi-objective optimiza-
tion are energy consumption and acceleration performance. However, setting up objective
functions based on formulas to predict energy consumption and acceleration performance
for complex vehicle structures with a transmission in the AWD layout is quite challenging.
This is due to elements like motor efficiency maps, which have nonlinear solid characteris-
tics, making output prediction difficult. Therefore, in this paper, we use deep learning to
create a surrogate model that emulates electric vehicle simulations. Through this model,
two objective functions—one for energy consumption (SOC variations) and another for
acceleration performance (0–96 kph acceleration time)—are designed and applied to multi-
objective optimization.

The structure of this paper is as follows: Section 2 describes the methodology for
modeling AWD vehicles based on MATLAB/Simulink (https://www.mathworks.com/),
including explanations and result graphs for shift logic to prevent torque holes and shift
shocks. Section 3 discusses the motor torque distribution strategies required for opti-
mization and explains how energy efficiency and driving stability were simultaneously
considered using Fuzzy Control. Section 4 focuses on the main content of this paper,
explaining the method of using an Artificial Neural Network (ANN) to emulate electric
vehicle simulations with torque distribution strategies and the approach for deriving op-
timal solutions through multi-objective optimization based on the Non-Sorted Genetic
Algorithm-II (NSGA-II). Section 5 presents and discusses the simulation results. Finally,
Section 6 summarizes the key conclusions.

2. AWD Vehicle Modeling with Two-Speed Transmission

As shown in Figure 1, an AWD electric vehicle equipped with one motor on each
front and rear axle was developed using MATLAB/Simulink. The powertrain consists
of a battery, Vehicle Control Unit (VCU), two motors, gears connected to the front axle
motor, and a two-speed transmission connected to the rear axle motor. Section 2.2 provides
detailed descriptions of each module.
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Figure 1. Schematic Diagram of 2-Speed Transmission AWD Vehicle Powertrain Structure.

2.1. Parameters of the Target Vehicle

The paper considers three types of vehicle specifications: Sedan, SUV (Sport Utility
Vehicle), and SUV equipped with a trailer. Table 1 displays the key parameters used
in the system and the optimization parameters. Moreover, Table 2 displays the vehicle
performance indicators.

https://www.mathworks.com/
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Table 1. Target vehicle key parameters.

Item Value [Unit]

Vehicle mass (Sedan/SUV/SUV-Trailer), m 2265/2728/5803 [kg]
Base motor power, P/Maximum torque, T 92 [kW]/230 [Nm]

Base motor max speed, ωmax/motor base speed, ωbase 20,000 [RPM]/3820 [RPM]
Battery capacity, Qn 77.4 [kWh]

Initial front gear ratio, if 10.65 [-]
Initial rear 1st/2nd gear ratio, ir1/ir2 14 [-]/6 [-]

Table 2. Electric vehicle performance indicators.

Indicators Value [Unit]

Maximum vehicle speed (Sedan/SUV/SUV-Trailer) 225/170/128 [km/h]
Maximum climbing grade 60 [%]

Acceleration time (0~96 km/h) 4.1/5.0/20.0 [s]

2.2. AWD Electric Vehicle Model-Based Simulation

The backward simulation was selected to optimize electric vehicle components and
system specifications. This approach calculates the required power of the vehicle from
a speed profile, not dynamic state variables. It allows for establishing optimal energy
management strategies among various components while shortening simulation time [15].
Additionally, it enables rapid iterative simulations, contributing to time savings in the
optimization process. The structure of the backward simulation is shown in Figure 2.
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The backward simulation comprises several subsystems, and the description of each
subsystem is as follows:

(1) Driving Cycle and Vehicle: Vehicle speed is calculated based on the driving cycle, and
from this speed, driving resistance is computed to determine the vehicle-level output
force. The calculation for vehicle-level output force is as follows [16].

F = m·dv
dt

=
T
rD

−
(

µrmgcosθ +
1
2

CDρa Av2 + mgsinθ

)
(1)

where F is the vehicle-level output force; v is the vehicle speed; T is the total
(front/rear) wheel torque; rD is the tire radius; µr is the rolling resistance coeffi-
cient; CD is the air drag coefficient; ρa is the air density; A is the windward area; and
θ is the climbing gradient.

(2) VCU: Based on the vehicle-level required torque, values for Accel Pedal (AP) and
Brake Pedal (BP) are calculated. Then, the torque distribution logic derives the
required torque levels for the front and rear motors. Estimating vertical forces for the
front and rear axles is also conducted simultaneously. The formula for estimating
vertical forces is as follows.

Fz f = mg·
(

lr
L
− h

L
· a
g

)
(2)
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Fzr = mg·
( l f

L
+

h
L
· a
g

)
(3)

where Fz f , Fzr are normal force of front/rear wheel; l f , lr are the front/rear distance
from the center of gravity; L is the total wheelbase; h is the height of the center of
gravity; and a is the vehicle acceleration.

(3) Motor: Motor efficiency is determined based on the required motor torque and speed
calculated by the VCU. The motor efficiency map was adapted by transforming the
x- and y-axis scale of the reference motor’s efficiency map. Section 4 discusses the
efficiency map scaling method in detail. Then, considering the motor efficiency and
the battery’s Open Circuit Voltage (OCV), the battery current is calculated. The speed
of the rear motor is inputted, considering the transmission’s first and second-gear
ratios. The calculation for the battery current during motor charge and discharge,
considering motor torque, speed, and efficiency, is as follows.

Id =

(
T1ω1

η1
+

T2ω2

η2

)
· 1
Vt

(4)

Ic = (T1ω1η1 + T2ω2η2)·
1
Vt

(5)

where Id, Ic are the battery current during motor(charge/discharge); ω is the motor
speed; η is the motor efficiency; and Vt is the voltage applied to the motor.

(4) Battery: The SOC is calculated using the Open Circuit Voltage and the required battery
current. Then, the voltage applied to the motor is computed using the SOC and the
circuit voltage values. The battery model utilizes a first-order R equivalent circuit
model, as shown in Figure 3. The formulas for calculating the motor applied voltage
and SOC are as follows:

Vt = I·Rint − Voc(SOC) (6)

SOC(t) = SOC(t − 1) +
I(t)
Qn

∆t (7)

where Rint(= R0) is the battery’s internal resistance; SOC is the state of charge of bat-
tery; Voc(SOC) is the open circuit voltage based on SOC; and I(t) is the battery current.

(5) Transmission: Unlike internal combustion engine vehicles, electric cars benefit from
the torque-speed characteristics of electric motors, which provide high torque at
low speeds and maintain constant power across an extended speed range. Due to
these characteristics, electric vehicles can achieve the necessary performance with
fewer gears [17]. Transmission modeling can consider various structures, and in this
paper, a dog clutch-type transmission system was selected. The dog clutch is simple
in structure and excellent in power transmission efficiency, making it suitable for
electrified transmission systems. Due to these characteristics, it can be utilized in
two-speed transmission systems.
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2.3. Gear Shift Mechanism

Due to simulation time constraints, a detailed transmission dynamic model was not
implemented. Instead, the system was structured to shift gears based on different states
aligned with the gear change process. To minimize shift shocks, a ‘speed synchronization’
process was included where the motor speed in neutral matches the gear’s speed to be
engaged next [17]. Below is the gear change process divided by states.

• State 1. Torque Phase and Gear Neutral: When a gear shift command is issued, the
torque of the rear motor is controlled to zero. Simultaneously, the torque of the front
motor is compensated to maintain maximum total torque [18]. After the torque phase,
the control shifts to neutral in the transmission.

• State 2. Speed Synchronization: Control the motor to the target speed range to mitigate
shocks during the clutch engagement due to speed changes in the dog clutch gear
when shifting. The speed synchronization phase ends when the difference between
the target and motor speeds is less than or equal to 1 rad/s. The formula to calculate
the motor speed when in neutral is as follows.

ω =
∫

.
ωdt =

∫ T
J

dt (8)

where ω is the rear motor speed in a neutral state; T is the rear motor torque in a
neutral state; and J is the moment of inertia of the motor, shaft, and clutch.

• State 3. Gear Engagement and Torque Phase: Engage the dog clutch actuator and
normalize the torque distribution between the front and rear motors.

Figure 4 illustrates the speed synchronization process of the rear motor in a neutral
state. First, the target reference speed for the rear motor shift is calculated using the vehicle
speed and the current rear gear ratio (first/second gear). Then, motor torque is output
through the speed synchronization process based on a PI controller in the neutral state. The
motor torque is converted to speed using Equation (8) and fed back into the PI controller.
When the difference between the reference speed and the rear motor speed in neutral falls
below 1 rad/s, the shift end signal changes, and the speed synchronization process ends.
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Figure 5 shows the results of rear motor speed control and torque values in neutral
state during upshifting and downshifting when a two-speed shift logic is applied. The
sky-blue area represents the gear-neutral state in Figure 5.
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3. Integrated Torque Distribution Logic

In AWD systems equipped with front and rear motors, appropriate motor torque
distribution can enhance energy efficiency. However, focusing solely on energy efficiency
can lead to unstable vehicle behavior. Therefore, a torque distribution strategy based on
efficiency maps and vertical force-based optimal braking force has been adopted. This
strategy is regulated using Fuzzy Control to adjust the torque distribution dynamically [19].
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3.1. Detailed Torque Distribution Logic
3.1.1. Energy Efficiency-Based Torque Distribution Strategy

Once the specifications for the front and rear motors are determined, front and rear
motor efficiency maps can be generated based on the baseline motor efficiency map. Once
the front and rear motor efficiency maps are established, the combined battery consumption
power for the front and rear can be calculated when specific wheel torque and speed are
input. To create a 2D Look-up Table focused on energy efficiency for front and rear torque
distribution ratios, a global search algorithm was devised to store the distribution ratios
that yield the minimum combined battery consumption power within the specified wheel
torque and speed range. The corresponding Flow Chart and the 2D Look-up Table derived
through the global search algorithm are illustrated in Figures 6 and 7, respectively. In
Figure 7, as the color changes from blue to yellow, it indicates that the torque ratio is
approaching 1.
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3.1.2. Vertical Force-Based Torque Distribution Strategy

When a vehicle’s torque distribution strategy focuses solely on efficiency, there is
a potential to lose driving stability in specific situations, such as rapid acceleration or
deceleration. This occurs because the motor’s operating points tend to be positioned within
high-efficiency areas, causing the required torque to concentrate on the front or rear wheels.
Therefore, vertical forces based on the vehicle’s acceleration have been calculated and
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used to further consider torque distribution. The front wheel torque distribution ratio is
expressed using Formulas (2) and (3) as follows.

Front Torque Ratio =
Fz f

Fz f + Fzr
(9)

This formula minimizes tire slip by allocating more torque to the wheels with higher
vertical forces. It is intuitively understood.

3.2. Integration of Torque Distribution Based on Fuzzy Logic

An appropriate mix between the two specific torque distribution strategies mentioned
earlier is necessary for efficient vehicle operation. Therefore, the two distribution strate-
gies are adjusted based on the driver’s acceleration and deceleration demands. To more
accurately determine the driver’s acceleration and braking requirements, alpha (α) has
been defined.

α =
v

AP or BP
(10)

Alpha represents the value obtained by dividing vehicle speed by the pedal value,
and the magnitude of α and vehicle speed can be used to determine the driver’s intentions
for cruising and acceleration/deceleration. For example, if the vehicle speed is low and the
AP value is high, α will decrease, indicating a high demand for acceleration by the driver.
Conversely, if the vehicle speed is high and the AP value is low, α will increase, indicating
a high demand for cruising by the driver.

Considering this, the driver’s driving requirements based on the current vehicle
state can be generated into a 2D Look-up Table using Fuzzy Logic. To create the map,
the first step was to set up a scenario where the vehicle accelerates from 0 km/h to a
predetermined speed and maintains it. Subsequently, this scenario was executed in a
simulation environment at various speeds to monitor the changes in α, and α threshold
values for acceleration and cruising at specific speeds were derived. Using the speed and
α threshold values, an input membership function was designed within the fuzzy logic
system to process the input data. This membership function receives input data (speed,
α) and outputs a value (ranging from 0 to 1) that indicates how much the data belongs to
a logical set. This output value was then used to create a 2D Look-up Table, as shown in
Figure 8. Like Figure 7, in Figure 8, as the color changes from blue to yellow, it indicates
that the reflection rate approaches 1.
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In the surface plot of Figure 8, the output of the control value represents the ratio of
influence between the energy efficiency-based torque distribution strategy and the vertical
force-based torque distribution strategy. An output close to 1 indicates a higher preference
for cruising, emphasizing the efficiency-centric distribution strategy. Conversely, a value
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close to 0 signifies a greater need for acceleration, favoring a strategy that allocates more
vertical force to the front and rear wheels. Figure 9 diagrammatically shows the method
of adjusting between these two distribution strategies based on the previously described
fuzzy logic. In the Fuzzy Control Surface Plot, as the color changes from blue to yellow, it
indicates that the reflection rate approaches 1.
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Unlike driving conditions, friction braking, and regenerative braking are considered si-
multaneously in braking scenarios, necessitating additional logic to manage the distribution
between these two types of braking [20,21]. The general objective is to maximize the use of
regenerative braking. When the total braking torque at the front and rear wheels exceeds
the regenerative braking torque, the excess torque is transferred to friction braking. Here,
Fuzzy Logic is used to adjust between cases that maximize regenerative braking (left side)
and those that focus on the ideal braking force for the front and rear wheels (right side), as
shown in Figure 10. For instance, if the BP value is high and changes abruptly, the distri-
bution is adjusted closer to the ideal braking force, considering the vertical loads on the
front and rear wheels. Conversely, if the vehicle behavior is deemed stable, the distribution
shifts towards maximizing regenerative braking. Additionally, using regenerative braking
while the vehicle is traveling at low speeds can negatively affect ride comfort. Therefore,
the amount of regenerative braking has been linearly reduced in low-speed situations.
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Figure 10. Schematic diagram of braking force distribution logic between friction and regenera-
tive braking.

Figures 11 and 12 display the ideal and actual braking forces for the front and rear
wheels during the WLTP (Worldwide Harmonized Light Vehicles Test Procedure) cycle,
both with and without applying fuzzy logic. Without fuzzy logic, there was a tendency for
braking force to concentrate on the rear wheels. However, after applying fuzzy logic, the
ideal and actual braking forces for the front and rear wheels were closely aligned.
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Figure 12. Front/rear ideal braking force (blue) and actual braking force (orange) (after applying
Fuzzy Logic).

4. Powertrain Specification Optimization Strategy

The paper adopts a strategy incorporating torque distribution into the powertrain
specification optimization strategy to maximize the improvement of vehicle power perfor-
mance and energy efficiency. Figure 13 shows the flowchart of the overall optimization
strategy.
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The overall optimization process is divided into two main parts. Section 4.1 discusses
the design method of the optimization objective function based on surrogate models, and
Section 4.2 covers the extraction of optimal solutions based on multi-objective optimization.
This study utilizes the NSGA-II algorithm, which is well known for effectively solving
multi-objective optimization problems in various engineering fields [22]. However, this
optimization algorithm requires excessive iterative calculations to determine the optimal
solutions. An Artificial Neural Network (ANN) model has been trained to emulate a
complex EV model to address the computational costs of optimization and is used as a
surrogate model for the vehicle simulator [23].

Initially, training data are required to train the surrogate model. The part surrounded
by the right black box represents the process of generating training data. Once input
variables are extracted through an adaptive sampling process, corresponding torque distri-
bution maps, and motor efficiency maps are created. After these preliminary steps, electric
vehicle modeling-based simulations are performed, and outputs such as SOC changes
(∆SOC) and acceleration times (tacc) are extracted. This process is repeated until the data
size meets or exceeds a predefined threshold, at which point it transitions to the surro-
gate model training phase. Subsequently, deep learning is used to train the surrogate
model, and convergence is evaluated. Finally, after the convergence assessment, NSGA-II
multi-objective optimization is conducted to derive optimal solutions.

4.1. Objective Function Creation for Optimization Based on a Surrogate Model

A surrogate model is a model that can simplify and substitute for costly and complex
simulations widely used across various fields [24,25]. The primary purpose of this model is
to quickly and cost-effectively predict outputs based on input data. Surrogate models are
constructed using statistical or machine learning techniques, such as polynomial regression,
artificial neural networks, and Gaussian process regression. Various input variables are
fed into backward simulations to build the dataset necessary for model fitting. These
simulations consist of multiple subsystems, resulting in solid nonlinearity in the output
values. Artificial neural networks, which can effectively learn complex data patterns
and capture interactions between input variables, are well suited for modeling nonlinear
relationships, making them ideal for constructing surrogate models.

4.1.1. Neural Network Training: Description of Input and Output Variables

In this paper, the input variables for neural network training consist of the maximum
torque and power of the front and rear motors, the front axle reduction ratio, the rear
axle’s first and second reduction ratios, and the shifting speed. The motor efficiency
map must also change accordingly as the motor-related variables change. Therefore, a
new motor efficiency map was generated by altering the x and y-axis scales based on the
reference motor efficiency map matching the altered motor specifications. Figure 14 shows
an example of creating a motor efficiency map from the reference motor.
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It is essential to properly select the range of input variables during the training of
a Neural Network to improve the quality of training data. In particular, the gear ratio
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must be selected within a range that can satisfy the vehicle’s required performance. This
paper generated a baseline vehicle-level Peak Torque-Speed (T-N) Curve, which minimally
satisfies the vehicle’s required performance, to analyze whether the vehicle meets the
required performance based on the powertrain specification combinations. The creation
of the vehicle-level Peak T-N Curve was divided into two stages. First, the vehicle’s
top speed and maximum torque capable of climbing were calculated considering the
driving resistance to reflect climbing performance and maximum speed, and a T-N Curve
that meets these criteria was generated. However, the T-N Curve needed to be adjusted
because the power required for acceleration performance is more significant than that
needed for climbing performance or maximum speed. Therefore, a simple simulation
was developed to check the time to reach 0–96 kph, and power was increased until the
required acceleration performance was met, ultimately generating the Peak T-N Curve for
performance requirement verification, as shown in Figure 15. This curve checks whether
the vehicle satisfies the required performance based on different gear ratio combinations.
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4.1.2. Description of Adaptive Sampling Methods and Learning Techniques

The input variables are applied to a vehicle simulation to extract the time it takes to
reach 0–96 kph and the change in SOC. The time to reach 96 kph is measured without
following a driving cycle, with the accelerator pedal fixed at maximum until the vehicle
speed reaches 96 kph. The change in SOC is reported as the final variation after running
the driving cycle.

Simulations were conducted on various combinations of input variables to generate
data for neural network training. However, if the training data contain only biased data,
the model may converge but fail to simulate the entire dataset accurately. To prevent such
bias in the training data, the range of each input variable was appropriately divided, and
sampling was performed evenly using different combinations each time to avoid data bias.
Additionally, the elementary effects method, commonly used to compare the impact of
input variables on outputs, was employed. This method involves dividing the range of
input variables that significantly impact the output into more segments while dividing
those with less impact into fewer segments, thereby efficiently exploring the variable space.
Additionally, generating training data requires many samples, and running simulations
each time to extract data is time-consuming. Therefore, MATLAB Parallel Computing
Toolbox was used to extract samples in parallel, reducing the sampling time.

Once a certain number of samples are collected, the training data are assembled, and
training commences. Cross-validation was applied to calculate the model fitting error to
prevent overfitting in the neural network and to assess the model’s generalization ability
more accurately. Initially, samples are divided into training sets and test sets according to a
predetermined ratio. The training set is used for neural network training, while the test set
compares the error between model estimates and actual values. The training and test sets
are varied with each K-Fold split to calculate the fitting error, using the maximum error
as the final fitting error. Normalized Root Mean Square Error (NRMSE) is the fitting error
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metric used here. Figure 16 illustrates the process of extracting the fitting error through
cross-validation.
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Figure 16. Schematic of model cross-validation and error calculation methods.

4.2. NSGA-II Based Multi-Objective Optimization

After determining the convergence of the neural network, the trained neural network
model is used as the objective function for the optimization algorithm. It utilizes two
objective functions: the change in SOC and the acceleration time (time to reach 0–96 kph).
As there is a trade-off between acceleration performance and SOC change, it is necessary to
explore solutions that best satisfy both objectives. NSGA-II is a multi-objective optimization
algorithm often used when there is a need to optimize multiple conflicting objectives
simultaneously [26]. Using this algorithm, a Pareto Front that maximizes acceleration
performance and energy efficiency is explored, and weights are set between the two
objectives to extract the optimal set of parameters.minimize

∆SOC
f (M, R, V)

minimize
tacc

g(M, R, V)
(11)

subject to M, R, V ∈ Ωc

The objective functions f and g represent fully trained surrogate models, each designed
to minimize the change in SOC and the acceleration time, respectively.
M =

[
Tmax f , Pf , Tmaxr , Pr

]
denotes the set of input variables related to motor specifi-

cations, which includes the maximum torque of the front motor (Tmax f ), power of the
front motor (Pf ), maximum torque of the rear motor (Tmaxr ), and power of the rear motor

(Pr). R =
[
r f , rr1 , rr2

]
represents the set of gear ratios, comprising the front gear ratio (r f ),

the rear first gear ratio (rr1), and the rear second gear ratio (rr2). V = [v1→2, v2→1] refers
to the shifting speeds, including both the upshift speed (v1→2) and the downshift speed
(v2→1). Finally, all input variables must be determined within the design specification range;
therefore, constraints on the input variables (Ωc) have been set in the optimization problem.

5. Results

Figure 17 shows the distribution of solutions for multi-objective optimization applied
to three vehicle types—sedan, SUV, and SUV with trailer—during the WLTP driving cycle.
The optimal solution set derived from the optimization algorithm, known as the Pareto
Front, is represented by black dots, with specific solutions (A, B, C) indicated by red arrows
on the Pareto Front. The optimization results are evaluated by comparing the change
in SOC and acceleration performance between the reference vehicle parameter set and
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the optimized parameter set under the WLTP driving cycle. Due to the characteristics of
multi-objective optimization, the Pareto Front produces no clear superiority between the
two objectives, and the optimal solution can vary depending on whether the focus is on
energy efficiency or acceleration performance. This paper presents three types of optimal
solutions by varying the weights given to acceleration performance or SOC change.
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Figure 17. Optimization results for each vehicle specification under the WLTP cycle: Sedan (left),
SUV (middle), and SUV with Trailer (right).

Firstly, solution A focuses solely on energy efficiency without considering acceleration
performance. Thus, it selects the solution that minimizes the objective on the x-axis (SOC
change) among the Pareto Front in Figure 17. Figure 17 displays a critical y-axis line (ACC
Threshold) that excludes solutions not meeting the 0–96 km/h acceleration time criteria to
reflect the required performance standards. Consequently, the critical value is established,
and the solution with the minor SOC change that does not exceed this threshold is chosen as
Solution A. Conversely, Solution B focuses on acceleration performance without considering
energy efficiency. Hence, it represents the solution with the minimum y-axis (acceleration
time) value on the Pareto Front. Solution C equally prioritizes acceleration performance
and energy efficiency, carrying equal weight. Therefore, it is located between Solution A
and B in the Pareto Front.

Additionally, validation across various driving cycles is necessary to enhance the
generality and reliability of optimization results. Thus, results from another driving cycle,
the US06 driving cycle, are further presented in Figure 18. Figures 19 and 20 display bar
charts comparing the performance (∆SOC, tacc) of the Reference Vehicle and the optimized
Solutions A, B, and C based on the WLTP driving cycle. These charts visually demonstrate
the differences in SOC change and acceleration time for each solution, clearly representing
the optimization’s effectiveness. Additionally, Tables 3 and 4 show the changes in ∆SOC
and the rates of change in acceleration performance for the Reference Vehicle when Solu-
tions A, B, and C are applied, based on the WLTP cycle. Subsequently, the results from
another driving cycle, the US06, are presented in Figures 21 and 22. Finally, Tables 5 and 6
depict the ∆SOC change and acceleration time change rates for the US06 cycle.
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Table 3. Rate of Change in SOC Following Optimization Applied to the Reference Vehicle (WLTP
Drive Cycle).

Solution Sedan SUV SUV-Trailer

A −1.57% −1.12% −1.79%
B 1.56% 1.23% 1.29%
C −0.58% −0.37% −0.56%

Table 4. Rate of Acceleration Time Following Optimization Applied to the Reference Vehicle (WLTP
Drive Cycle).

Solution Sedan SUV SUV-Trailer

A 18.8% 14.1% 35.7%
B −37.2% −36.4% −36.5%
C −15.1% −14.6% −13.1%
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Table 6. Rate of Acceleration Time Following Optimization Applied to the Reference Vehicle (US06
Drive Cycle).

Solution Sedan SUV SUV-Trailer

A 18.7% 13.9% 35.7%
B −37.1% −36.4% −36.4%
C −5.52% −14.4% −3.49%

Solution A aims to maximize energy efficiency, which, as shown in Table 3, significantly
reduces the SOC changes. However, as seen in Table 4, it conversely increases in acceleration
time. On the other hand, Solution B focuses on acceleration performance, leading to an
increase in SOC changes while significantly decreasing acceleration time. Solution C
balances the two objectives, reducing SOC changes and acceleration time compared to
the reference vehicle. The application of Solution C results in a decrease in SOC changes
by 0.58% (Sedan), 0.37% (SUV), and 0.56% (SUV-Trailer), and a reduction in 0–96 kph
acceleration time by 15.1% (Sedan), 14.6% (SUV), and 13.1% (SUV-Trailer). Additionally,
as shown in Tables 5 and 6, the US06 driving cycle demonstrates similar patterns of
change when the optimization results are applied, comparable to the WLTP driving cycle.
Figures 23 and 24 present examples of the results from applying Solutions A, B, and C to
vehicle simulations. Each figure compares the SOC change and vehicle speed over time
between the Reference Vehicle and Solutions A, B, and C. In terms of energy consumption
(Figure 23), Solution A achieved the best results, while Solution B showed the best results
in acceleration performance (Figure 24).
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6. Conclusions

This study presented a torque distribution strategy using fuzzy logic and multi-
objective optimization based on surrogate models to determine the optimal powertrain
component specifications for an AWD powertrain structure with a two-stage gearbox
in the rear. Electric vehicle modeling was conducted using MATLAB/Simulink, which
included a torque compensation method to prevent torque holes during shifting and a
speed synchronization process considering the neutral state of the rear motor.

Additionally, using fuzzy theory, the method proposed an adjustment between the
torque distribution strategies based on motor efficiency maps and the distribution strategies
considering driving stability in driving and braking situations. Subsequently, a vehicle-level
Peak T-N Curve was generated considering performance indicators, and performance was
comprehensively reviewed. Neural network training was conducted through MATLAB
parallel simulation, and a surrogate model-based optimization objective function was
created. Finally, NSGA-II multi-objective optimization was carried out to generate a set
of solutions that considered both energy efficiency and acceleration performance. In the
solution set, optimal solutions can be derived by setting weights for the two objectives
to reflect their importance. This paper presents examples of solutions that consider only
energy efficiency, only acceleration performance, and solutions that assign equal weights to
both objectives. When equal weights were assigned, SOC change improved by 0.37~0.58%,
and acceleration performance improved by 13.1~15.1%.

However, the improvement in SOC change from the optimization results was in-
significant, which can be attributed to the main factor determining energy efficiency in
the simulation, the baseline motor efficiency map. The efficiency map used in the study
showed little difference in motor efficiency outside the low-torque and low-speed areas.
Thus, even with changes in the motor operating points within the efficiency map, the effi-
ciency variation was minimal, leading to no significant difference in SOC change. If there
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were apparent differences in efficiency with changes in torque and speed in the baseline
motor efficiency map, applying the optimization results from this study would result in
more significant improvements in energy efficiency.
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