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Abstract

The two-speed transmission system significantly enhances the powertrain matching perfor-
mance of heavy-duty electric military armored vehicles by optimizing high-torque output
at low speed and energy efficiency at high speed. However, most existing electric vehicles
do not incorporate driving styles or real-time driving condition prediction into their shift
control strategies, resulting in suboptimal gear shift timing and smoothness that fail to
align with driver expectations and operational requirements. To address these limitations,
this study focuses on the two-speed automated manual transmission (AMT) system in
heavy-duty electric military armored vehicles. Firstly, a comprehensive shift control model
is established, integrating key components such as the drive motor and power battery.
Furthermore, a shift control strategy based on vehicle speed prediction and driving style
recognition is proposed. The operational logic of this strategy is systematically analyzed
under various driving cycles. Simulation and hardware-in-the-loop (HIL) results confirm
the performance gains. Simulation and hardware-in-the-loop (HIL) results indicate that
the proposed approach improves vehicle power performance by 21.36%, increases energy
efficiency by 3.94%, and reduces powertrain shock by 31.81% compared to the conventional
vehicle-speed-based gear shifting method. Compared to the adaptive shift schedule de-
sign method, the proposed approach reduces shifting frequency by 21.43% and improves
ride comfort by at least 19.17% while maintaining comparable dynamic performance and
energy efficiency.

Keywords: transmission shift control; vehicle speed prediction; driving style; fuzzy control

1. Introduction
In recent years, the challenges posed by energy scarcity and environmental pollution

have grown increasingly severe, prompting a global shift toward energy conservation
and emission reduction [1]. Electric vehicles (EVs) have become an effective tool for
green travel due to their potential to improve energy efficiency and reduce environmental
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pollution [2,3]. The shifting performance of electric vehicles is subject to increasingly
strict requirements from consumers [4]. The adoption of two-speed transmissions has
significantly enhanced powertrain efficiency in heavy-duty EVs by optimizing low-speed
torque delivery and high-speed energy efficiency [5,6]. Conventional shift control strategies
typically determine shift points based on vehicle speed. A large number of scholars employ
advanced algorithms such as model predictive control (MPC) and dynamic programming
to enhance shift quality. These approaches have achieved notable progress in addressing
key challenges in this domain. For instance, Ivan C et al. developed a static model-based
predictive control (S-MPC) strategy, which provided a pre-specified shift time and avoided
the chatter effect by using control input blind zone components, thereby relaxing the shift
time accuracy to a certain extent [7]. Ranogajec V et al. designed a segmented linear
control strategy for the dual-shift downshift process of an automatic transmission through
a multi-objective optimization method, and verified that the strategy based on the rapid
release and disengagement of the clutch had the optimal comprehensive performance [8].
Kihan K et al. optimized shift control through proxy models, variable transmission ratios,
and adaptive transmission modes, which emphasized the importance of accounting for
variable transmission efficiency; their approach improved energy efficiency and dynamic
performance by 12.1% and 10.7%, respectively, compared to single-speed transmission
EVs [9].

Nevertheless, existing methods often fail to consider driving style and real-time
prediction of vehicle speed, leading to unsatisfactory shift timing, speed, and frequency that
may not align with driver expectations [10]. In recent years, some scholars have considered
aspects, such as driving style identification, vehicle speed forecasting, and driving intention
analysis, which can effectively enhance gear shifting performance. Xi J et al. proposed a
torque control strategy based on driving intention, which can achieve optimization of shift
quality [11]. Chen Z et al. developed an online predictive energy management strategy
to effectively mitigate the performance degradation caused by inaccurate driving cycle
predictions [12]. Kang M et al. formulated an eco-gear shift control strategy by discretizing
vehicle speed to construct a Markov chain model and applied a dynamic programming
algorithm with algebraic operations to improve vehicle fuel economy [13]. Liu X et al.
developed an adaptive shift schedule design method for multi-gear AMT electric vehicles,
which significantly enhanced dynamic performance, energy economy, and shift adaptability
in varying driving cycles [14].

To further improve vehicle power performance, energy efficiency, and ride smoothness,
and to address the issue where the shift timing, speed, and frequency fail to meet the
driver’s expectations, this study focuses on the two-speed AMT system in heavy-duty
electric military armored vehicles. A comprehensive shift control model incorporating
the drive motor, power battery, and transmission dynamics is established. Furthermore,
a novel shift control strategy considering both driving style classification and predictive
vehicle speed information is proposed. The operational logic of the proposed strategy in
various driving cycles is systematically analyzed. The main contributions of this work are
summarized as follows:

(1) A shift control strategy is proposed based on fuzzy control that integrates a driving
style recognition model based on impact degree analysis, a Markov chain vehicle
speed prediction model, and an adaptive model to avoid frequent shifting. This
strategy makes real-time decisions on the gear that best meets the driver’s driving
needs by considering the dynamic interaction relationship between the identified
driver’s driving style and the real-time predicted future vehicle speed. It effectively
compensates for the shortcomings of existing theories that focus on static analysis.
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(2) A fourth-order probability output matrix of the Markov chain model based on the
driving condition database was developed to represent the relationship between
vehicle speed and acceleration. The vehicle speed prediction model based on this
matrix can accurately predict the vehicle speed in the next 2 s based on the current
vehicle speed.

(3) A shift execution strategy for precisely controlling the rotational speed of the shift
motor was designed to reduce the impact during shifting. By taking the rotational
speed difference of the synchronizer and its rate of change into account, a fuzzy
controller is designed to control the shifting speed, thereby effectively reducing the
impact of shifting and improving driving smoothness.

The rest of this paper is organized as follows. In Section 2, a two-speed AMT shift
control simulation model for electric heavy-duty vehicles is developed based on the MAT-
LAB/Simulink environment (version R2024b). The model incorporates key components
such as the drive motor, power battery, and transmission system, laying the foundation
for subsequent research. Section 3 establishes a driving style recognition model based
on impact degree, a vehicle speed prediction model based on the Markov chain model,
an adaptive model to avoid frequent gear shifting, and a gear shifting execution model
considering driving intent. Section 4 presents a comparative analysis conducted in the
MATLAB/Simulink environment using driving cycles to evaluate the performance of the
optimized control model against both the conventional and adaptive methods. Addition-
ally, experimental validation was performed on a HIL testing for the shift motor to verify
the feasibility of optimizing the shift execution process through speed regulation. Section 5
concludes the article.

2. System Modeling
In this section, a two-speed AMT shift control simulation model for electric heavy-

duty vehicles is developed based on the MATLAB/Simulink environment. The model
incorporates key components such as the drive motor, power battery, and transmission
system, laying the foundation for subsequent research.

2.1. Drive Motor Modeling

The drive motor has been selected as a permanent magnet synchronous motor for
electric two-speed AMT heavy-duty vehicles in this section, featuring high efficiency, high
power density, and excellent dynamic response characteristics. Under normal circum-
stances, the modeling of permanent magnet synchronous motors needs to take into account
multiple physical field coupling factors such as core saturation effect, demagnetization
characteristics of permanent magnets, and temperature drift. To simplify the analysis, this
paper ignores the magnetic saturation effect, core loss, and symmetry of the three-phase
windings, and assumes that the magnetic field distribution is a sine wave.

The spatial vector relationship between the stator rotating magnetic field and the
constant magnetic field in permanent magnet synchronous motors provides a physical
theoretical basis for d-q coordinate transformation. Let the d-axis be the direction of the
rotor magnetic field and the q-axis be perpendicular to it. Establish the d-q rotational
coordinate system and establish the voltage equation of the motor [15]:

ud = Rsid + Ld
did
dt

− ωeLqiq (1)

uq = Rsiq + Lq
diq
dt

− ωe

(
Ldid + ψ f

)
(2)

https://doi.org/10.3390/vehicles8070157

https://doi.org/10.3390/vehicles8070157


Vehicles 2026, 8, 157 4 of 32

where id and iq are the currents along the d and q axes, respectively. Rs is the stator resistance;
Ld and Lq are the inductors of the d and q axes, respectively. ωe is the electrical angular
velocity; ψf is the permanent magnet flux link; and ud and uq represent the voltages along
the d and q axes, respectively.

The electromagnetic torque equation of the permanent magnet synchronous motor is:

Te =
3
2

p
[
ψ f iq +

(
Ld − Lq

)
idiq

]
(3)

where p is the number of pole pairs on the motor; Te stands for electromagnetic torque.
The motion equation of the motor is:

Te − TL = Id
dωm

dt + Bωm (4)

where TL represents the load torque; Id is the moment of inertia of the drive motor; B is the
damping coefficient; and ωm represents the mechanical angular velocity.

Based on the existing parameters of the permanent magnet synchronous motor already
installed on the electric two-speed AMT heavy-duty vehicle as the research object, a drive
motor model is established, and the parameters of the drive motor are as follows.

As shown in Table 1, among the parameters of the drive motor, the maximum speed
of the permanent magnet synchronous motor is 8000 r/min, the peak power is 230 kW, the
rated power is 165 kW, and the peak torque is 1100 N·m.

Table 1. Parameters of the drive motor.

Parameter Value Units

The maximum rotational speed 8000 r/min
Peak power 230 kW
Rated power 165 kW
Peak torque 1100 N·m

2.2. Power Battery Modeling

Power batteries have the function of energy recovery [2]. When braking or coast-
ing, they recover kinetic energy and store it in the battery, further affecting the vehicle’s
range [16,17]. Lithium-ion batteries were selected to build a battery model in order to
analyze the changes in the state of charge (SOC) under different shift strategies [18].
The electromotive force and internal resistance model of the battery can be obtained
through experiments:

ESOC = E0 +
5

∑
j=1

EjSOCj (5)

RSOC = δ0

(
R0 +

6

∑
j=1

λjSOCj

)
(6)

where ESOC represents the electromotive force in the current state. E0 is the fitting coefficient
of the battery electric constant; SOC is the state of charge. RSOC represents the current
internal resistance; δ0 is the internal resistance compensation coefficient; R0 is the internal
resistance constant; λj is the fitting coefficient; and j represents a polynomial exponential
degree, which is used to describe the nonlinear relationship between the electromotive
force and internal resistance of a battery and its state of charge. According to the fitting
accuracy, the quintic polynomial and the sextuple polynomial are taken, respectively. (see
Appendix A).
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The calculation formula for SOC is as follows [19]:

SOC(t + 1) = SOC(t)− I(t)
Qbat

(7)

I(t) =
ESOC −

√
E2

SOC − 4PbatRSOC

2RSOC
(8)

∆SOC =
ESOC −

√
E2

SOC − 4PbatRSOC

2RSOCQbat
(9)

where t represents a discrete time step; I represents the current. As ESOC and RSOC are dy-
namically adjusted with SOC(t), I(t) is indirectly adjusted with t. Qbat stands for capacitance;
Pbat stands for power.

Based on Equations (5)–(9), the battery model was established to build the shift control
model and complete the simulation analysis.

2.3. Transmission System Modeling

A transmission system model is built to facilitate the calculation of the relationship
between the gear speed of the synchronizer and the vehicle speed of the entire vehicle. Its
specific parameters are shown in Table 2.

Table 2. Parameters of the transmission system model.

Parameter Value Units

Wheel radius 0.31 m
The transmission ratio of the first gear 2.05 /

The transmission ratio of the second gear 1.03 /
The speed ratio of the main reducer 2.45 /

The reduction ratio of the side reducer 5.05 /

In addition to determining the parameters of the transmission system model, when
building the transmission system model, a schematic diagram of the transmission system
must be designed. The specific transmission principle is shown in Figure 1.

Figure 1. The transmission system.

Based on the transmission system model, it is not difficult to calculate the relationship
between the gear speed of the synchronizer, the output speed of the drive motor, and the
vehicle speed of the entire vehicle:
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n0 =
n1

i0i1i3
(10)

v = n0·2πr (11)

v = n1·2πr/(i0i1i3) (12)

nQ = n0iQ (13)

where i1 represents the first gear transmission ratio; i2 is the second gear transmission ratio.
The speed ratio of the main reducer is i0; i3 is the reduction ratio of the side reducer; iQ is
the ratio of the drive motor speed to the synchronizer speed at the current gear; r represents
the radius of the wheel; n0 represents the wheel speed; n1 represents the gear speed of
the synchronizer; nQ represents the output speed of the drive motor; and v represents the
vehicle speed.

To conduct the economic simulation analysis, the torque signal and the speed signal of
the driving motor were collected. The power of the driving motor was calculated through
Equation (14) [20].

P =
∫ T

0

TenQ

9550 × 60 × 60
dt (14)

where P is the total energy consumption of the driving motor; nQG is the ratio of the output
speed of the drive motor to the speed of the synchronizer gear at the high-speed gear; and
nQD is the ratio of the output speed of the drive motor to the speed of the synchronizer
gear at low speed.

2.4. Vehicle Longitudinal Dynamics Modeling

The total mass of the two-speed AMT heavy electric military vehicle is 15,000 kg. The
longitudinal force is shown in Figure 2, and the vehicle’s driving state is as follows:

Ft = Ff + Fw + Fj + Fi (15)

where Ft represents the driving force of the entire vehicle; Ff is the rolling resistance; Fw

stands for air resistance; Fj is the acceleration resistance; and Fi is the slope resistance.

Figure 2. Longitudinal dynamic analysis of the vehicle.

The driving force is transmitted from the torque output by the motor to the wheels
through the transmission and the drive shaft:

Ft =
Te·i·η

r
(16)

where i is the current gear transmission ratio; η is the efficiency of the transmission system;
r represents the radius of the wheel; and Te represents the output torque of the drive motor.

The rolling resistance is as follows:

Ff = C f mg cos θ (17)
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where Cf is the rolling resistance coefficient; θ is the slope angle.
The air resistance is as follows:

Fw =
1
2

ρCd Av2 (18)

where ρ represents the density of air; Cd is the coefficient of air resistance; and A represents
the windward area of the vehicle.

The acceleration resistance is as follows:

Fj = δm
dv
dt

(19)

where δ represents the rotational mass conversion factor.
The resistance of the ramp is as follows:

Fi = mg sin θ (20)

From this, it is not difficult to obtain that the driving equation for electric vehicles is:

Teiη
r

= C f mg cos θ +
1
2

ρCd Av2 + δm
dv
dt

+ mg sin θ (21)

3. Main Results
This section establishes a driving style recognition model based on impact degree, a ve-

hicle speed prediction model based on the Markov chain model, an adaptive model to avoid
frequent gear shifting, and a gear shifting execution model considering driving intent.

3.1. Shift Decision System Design

The designed fuzzy PID shift control strategy is based on driving style and vehicle
speed prediction, which aims to optimize the shift strategy according to factors such as the
driver’s driving habits, vehicle performance, and road conditions, and hence to achieve
a more efficient and comfortable driving experience. To formulate the fuzzy PID electric
vehicle shift control strategy based on driving style and vehicle speed prediction, the
scheme shown in Figure 3 was developed.

 

Figure 3. Shift control strategy.
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To optimize the shift decision-making process, it is necessary to predict the changes
in vehicle speed. As shown in the scheme in Figure 3, a Markov chain prediction model
was constructed to predict the road conditions in real time. Under the premise of collecting
vehicle speed and vehicle acceleration signals, through a large amount of data comparison,
an iterative prediction method is adopted to predict the vehicle speed changes 2 s later
relatively accurately, obtaining the predicted road conditions. To formulate corresponding
shift rules according to different driving styles [21], historical vehicle speeds within a 120 s
driving period are sampled, and the degree of change in vehicle acceleration (shock degree)
within the sampling period is analyzed. Finally, the driving style recognition model is used
to judge the shock degree of the vehicle, identifying the different driving styles of the driver.
Based on the obtained predicted road conditions and driving styles, a fuzzy controller is
built with the predicted road conditions and driving styles as inputs and the gear coefficient
as the output. The gear coefficient output by the fuzzy controller is adaptively adjusted to
obtain the target gear for the shift strategy.

3.2. Driving Style Recognition Model Based on Impact Degree

When different drivers operate vehicles, they often have different driving styles [22–24].
To adapt to drivers of different styles, it is necessary to identify the driving styles to meet
different driving needs [25]. In electric vehicles, the driver’s usage habits of the accelerator
pedal can be fed back by the rate of change in the torque of the drive motor. Equation (22)
presents the relationship formula of the torque change rate of the driving motor [26]:

.
Te =

dTe

dt
=

i0(Iout + i2gTe)

igr
(22)

where ig represents the AMT transmission ratio; Iout represents the moment of inertia of the
AMT output shaft.

In Equation (15), the torque change rate of the driving motor affects the vehicle
acceleration change rate (impact degree). In this section, the driving style of the driver is
identified through the overall impact degree of the vehicle. The driving style recognition
process is shown in Figure 3.

After the vehicle is in operation, time T is selected as the recognition period. In this
study, T is taken as 200 s. Extract the vehicle speed information within the recognition
period and conduct impact degree analysis. The impact degree J is shown in (23). Since
the average impact degree cannot well reflect the fluctuation of the impact degree, the
impact degree analysis coefficient Rdriver is introduced. By using the normal deviation of
the impact degree and the average absolute value of the impact degree, the impact degree
of vehicles can be better analyzed.

The shift shock degree can be expressed by the differential of the vehicle’s longitudinal
acceleration:

J =
da
dt

=
d2v
dt2 (23)

where J is the vehicle impact degree; a represents the longitudinal acceleration of
the vehicle.

Vehicle impact degree analysis formula:

Rdriver =
SDJ

J
=

√
1
T

T
∑

i=1

(
Ji −

1
T

T
∑

i=1
Ji

)2

1
T

T
∑

i=1
|Ji|

(24)
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where Ji is the instantaneous impact degree; SDJ is the normal deviation of the impact
degree; and J is the average absolute value of the impact degree.

Rnorm and Ragg are the critical values for normal and aggressive driving styles, re-
spectively. When Rdriver is less than Rnorm, it indicates that the current driving style is
conservative. When Rdriver is greater than Rnorm and less than Ragg, it indicates that the
current driving style is normal. When Rdriver is greater than Ragg, it indicates that the current
driving style is aggressive [27]. Based on the driving experience of heavy vehicles, Rnorm is
taken as 0.3 and Ragg as 0.8.

Next, take the vehicle speed corresponding to the recognition period T in the LA92
driving cycle as the input, and then analyze the impact degree according to the driving
style recognition process shown in Figure 4, which determines that the driver’s driving
style is a “conservative driving style”.

Figure 4. Flowchart of driving style recognition based on impact degree.

3.3. Vehicle Speed Prediction Model Based on the Markov Chain Model

By predicting the future speed of the vehicle, AMT can adjust the gear shifting plan in
advance to ensure that gear shifting occurs at the optimal time, thereby improving gear
shifting efficiency, reducing energy consumption, and lowering exhaust emissions [28].

In situations such as climbing, speed prediction can help AMT downshift ahead to
provide more power output. In certain emergency situations, such as the need for rapid
acceleration or evasive maneuvers, speed prediction can ensure that the transmission
responds ahead, thereby enhancing driving safety. The Markov chain principle can be
utilized to calculate the driving cycle data and complete the speed prediction. Figure 5
shows the flowchart of speed prediction. The speed signal is collected and input into the
probability output matrix of the four-stage Markov chain model to output the acceleration
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signal with the highest probability. The obtained acceleration is then substituted into
Equation (25) to obtain the speed signal for the next stage.

v = v0 + a∆t (25)

 

Figure 5. Vehicle speed prediction.

The specific process of vehicle speed prediction is shown in Figure 5. According to the
process, the predicted speed at 0.5, 1, 1.5, and 2 s later can be calculated successively. The
implementation steps are as follows:

(1) Input the current speed vt of the driving cycle into the probability output matrix of
the first-stage Markov chain model to obtain the acceleration at ~t + 0.5 s from t to
t + 0.5 s. Then, substitute it into Equation (25) to predict the speed vt + 0.5 s at t + 0.5 s.

(2) Input vt + 0.5 s into the probability output matrix of the second-stage Markov chain
model to obtain the acceleration at +0.5 s~t + 1 s from t + 0.5 s to t + 1 s. Then,
substitute it into Equation (25) to predict the speed vt + 1 s at t + 1 s.

(3) Input vt + 1 s into the probability output matrix of the third-stage Markov chain model
to obtain the acceleration at +1 s~t + 1.5 s from t + 1 s to t + 1.5 s. Then, substitute it
into Equation (25) to predict the speed vt + 1.5 s at t + 1.5 s.

(4) Input vt + 1.5 s into the probability output matrix of the fourth-stage Markov chain
model to obtain the acceleration at +1.5 s~t + 2 s from t + 1.5 s to t + 2 s. Then,
substitute it into Equation (25) to predict the speed vt + 2 s at t + 2 s.

To calculate the probability output matrix of the Markov chain model, 10 typical driv-
ing cycles, namely INDIA_URBAN_SAMPLE, UDDS, WVUSUB, MANHATTAN, Nurem-
bergR36, NYCC, WVUCITY, HWFET, NREL2VAIL, and US06_HWY, were selected as
sample data to calculate the probability output matrix of the Markov chain model [29].
To build a high-order Markov chain model, it is necessary to calculate the probability
distribution matrix of vehicle acceleration corresponding to different vehicle speeds in
these 10 driving cycles. Equation (26) is used:

pi1,i2,i3 ...is ,j = P

{
a(t + n) = aj

∣∣v(t + n − 0.5) = vi1 , v(t + n − 1) = vi2 ,
. . . v(t + n − 2) = vis

}
i, j = 1, 2, . . . , m; n = 0.5, 1, . . . , LPH ;

(26)
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where s is the order of the Markov chain model; m is the number of states; n is the time
point in the prediction time domain; and LPH is the length of the prediction time domain.

The vehicle speed and acceleration curves of the sample data are discretized and
analyzed using the clustering analysis algorithm. The sample vehicle speed curves are
discretized into N intervals from small to large, with the unit of speed being m/s, and the
value of each interval is vi, as shown in Equation (27):

vi = {v1, v2, . . . , vN} (27)

where N is set to 30.
The acceleration curves are discretized into M intervals from small to large, and the

value of each interval is aj, as shown in Equation (28):

aj = {a1, a2, . . . , aM} (28)

where M is set to 30.
The Markov chain probability output matrix is divided into four stages, and the

average acceleration in the next 0.5 s is predicted in each stage to achieve better prediction
results. Figure 6a–d present the probability output matrices of the Markov chain model in
the four stages. The calculation process is as follows:

(1) Calculation of the probability output matrix of the first stage of the Markov chain
model: The vehicle speed at time t was input based on the sample data, and then
the probability distribution of acceleration from t to t + 0.5 s in the sample data
was determined.

(2) Calculation of the probability output matrix of the second stage of the Markov chain
model: The vehicle speed at time t + 0.5 s was calculated by the probability output
matrix of the first stage of the Markov chain model. The vehicle speed at time t + 0.5 s
was input, and then the probability distribution of acceleration from t + 0.5 s to t + 1 s
in the sample data was determined.

(3) Calculation of the probability output matrix of the third stage of the Markov chain
model: The vehicle speed at time t + 1 s was calculated by the probability output
matrix of the second stage of the Markov chain model. Then, the vehicle speed at time
t + 1 s was analyzed to find the probability distribution of acceleration from t + 1 s to
t + 1.5 s in the sample data.

(4) Calculation of the probability output matrix of the fourth stage of the Markov chain
model: The vehicle speed at time t + 1.5 s was calculated by the probability output
matrix of the second stage of the Markov chain model. Then, the vehicle speed at time
t + 1.5 s was analyzed to find the probability distribution of acceleration from t + 1.5 s
to t + 2 s in the sample data.

After inputting the vehicle speed into the probability output matrix of the Markov
chain model, the probability distribution of the acceleration corresponding to the discretized
vehicle speed vi is calculated. The discretized acceleration signal aj corresponding to the
maximum probability is the predicted acceleration signal. Equation (29) is used:

X̂t = j , if [X̂t]i ≤ [X̂t]j , ∀i, j = {1, 2, . . . , N} (29)

where X̂t is the state with the maximum probability; m represents the number of states and
is set to 30.

After predicting the acceleration signal, the vehicle speed prediction can be completed
according to the specific process shown in Figure 5, and the vehicle speed in the next 2 s,
namely the “Predicted vehicle speed”, can be obtained.
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Figure 6. Probability output matrix of the Markov chain model: (a) step 1; (b) step 2; (c) step 3; and
(d) step 4.

3.4. Adaptive Shift Model Based on Fuzzy Control

In the shift decision-making process shown in Figure 3, fuzzy control serves as the
link to the control strategy, which can adapt to different operating conditions and environ-
mental changes, and it has good flexibility and adaptability. At the same time, the fuzzy
control system can resist the influence of factors such as parameter changes and external
disturbances to a certain extent, and it has good robustness [30]. Therefore, in order to
conform to the driver’s driving habits and take advantage of vehicle speed prediction and
fuzzy control, a fuzzy controller is designed, and a shift strategy that meets the driver’s
needs is formulated. The formulated fuzzy control process is shown in Figure 7. As shown
in Figure 7, in the formulated shift strategy, the “predicted road conditions” and “driving
style” are taken as inputs, and the required gear coefficient is output through the built
fuzzy controller.

Figure 7. Fuzzy control process.

The gear ratio coefficient is not necessarily an integer. In the gear shifting strategy,
it represents the driver’s demand for the target gear. To output the corresponding gear
ratio coefficient according to different predicted operating conditions and driving styles,
“Fuzzy Rule 1,” as shown in Figure 8, was formulated. In the fuzzy rule, the speed range
of the “predicted operating conditions” is selected as “0~100 m/s”. Since there are three
different driving styles, the numerical range of the “driving style” is selected as “1~3”. As
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the research object is a two-speed AMT for electric heavy-duty vehicles, the gear positions
of the transmission are two, so the numerical range of the gear ratio coefficient is “1~2”.

 

Figure 8. Fuzzy rule 1.

In the “Driving Style” coordinate axis of Figure 8, “Conservative Driving Style” is
represented by the number 1, “Normal Driving Style” by the number 2, and “Aggressive
Driving Style” by the number 3. According to the inputs “Predicted driving condition” and
“Driving Style”, the corresponding gear ratio coefficient can be output based on the above
fuzzy rules.

To avoid the problem of frequent gear shifting in conventional shifting strategies,
this paper designs an adaptive adjustment strategy. Figure 9 presents the flowchart of the
adaptive adjustment. The adaptive adjustment strategy records the interval time of each
gear shift, collects the vehicle speed signal, and calculates the drive motor speed based
on the vehicle speed and gear signal. Finally, the target gear is determined based on the
drive motor speed, the interval time of gear shifting, and the gear ratio coefficient. The
relationship between vehicle speed and drive motor speed is shown in Equation (30):

v = 2πr·nd·i (30)

where r is the wheel rolling radius; n is the drive motor speed; and i is the transmission ratio.
Since the transmission ratio of the transmission varies with different gears, when calcu-

lating the drive motor speed, the corresponding transmission ratio i should be substituted
into Equation (30) according to different gear signals.

The summary of the target gear output scheme is as follows:

(1) When the gear coefficient output by the fuzzy controller is greater than 1.8 and
the motor speed is close to the maximum speed, the target gear is adjusted to the
second gear.

(2) When the gear coefficient output by the fuzzy controller is greater than 1.8 and the
shift interval is more than 60 s, the target gear is adjusted to the second gear.

(3) When the gear coefficient output by the fuzzy controller is greater than 1.2 and less
than 1.8, the target gear remains unchanged.

(4) When the gear coefficient output by the fuzzy controller is less than 1.2 and the shift
interval is more than 60 s, the target gear is adjusted to the first gear.

3.5. Shift Model Construction Based on Speed and Its Rate of Change

In this paper, the speed difference and the rate of change in the speed difference are
collected to improve the fuzzy rules. The research object in this paper is a two-speed
AMT for electric heavy-duty vehicles. The transmission used allows engagement with a
relatively large speed difference. In this paper, it is set that when the speed difference is
within 1500 r/min, the synchronizer can start to engage.
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Figure 9. Adaptive adjustment flowchart.

Since the speed of the drive motor is related to the opening degree of the accelerator
pedal, the rate of change in the speed of the drive motor is also related to the speed at
which the driver steps on the accelerator or brake pedal. When the rate of change in vehicle
speed is relatively large, it indicates that the driver is in a hurry. When the rate of change is
relatively small, it indicates that the driver is driving smoothly. The purpose of collecting
the speed difference and the rate of change in the speed difference is to output the speed
of the shift motor that meets the driver’s requirements, but it can only roughly reflect the
driver’s intention and cannot precisely output the speed of the shift motor. Therefore, this
paper proposes the speed demand coefficient of variable-speed motors.

The shift motor speed demand coefficient is a number between 0 and 1 that is mul-
tiplied by the shift motor speed before the output in this paper. The function of the shift
motor speed demand coefficient is to adjust the shift motor speed to better complete the
shift. Taking the rate of change in the speed difference and the speed difference of the
two friction gears during the synchronization process as the input of fuzzy controller 2,
and taking the shift motor speed demand coefficient as the output, and then establishing a
complete set of fuzzy rules, the optimization of the shift force can be achieved. Fuzzy rule
2 is shown in Table 3. The range of the speed difference is 0 to 10,000 r/min, and the rate of
change in the speed difference is taken as the ratio of the speed difference to 0.002, with a
numerical range of 0 to 5,000,000. The speed difference of the two gears on both sides of
the synchronizer during the synchronization process is taken as the absolute value, and the
minimum time interval of the fuzzy controller is taken as 0.002 s. The specific situation is
as follows:
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(1) Speed difference (0, 10,000): very small (VS), small (S), medium–small (MS), relatively
small (JS), medium (M), relatively large (JB), medium–large (MB), large (B), and very
large (VB)

(2) Rate of change in speed difference (taking the speed change rate of 0.002 s)
(0, 5,000,000): small (NB), relatively small (NM), medium (Z), relatively large (PM),
and large (PB).

(3) Shift motor speed demand coefficient (0.5, 1): very small (VS), small (S), medium–
small (MS), relatively small (JS), medium (M), relatively large (JB), medium–large
(MB), large (B), and very large (VB).

Table 3. Fuzzy rules 2.

Drive the Motor Speed
Demand Coefficient

Speed Difference

VS S MS JS M JB MB B VB

Rate of change in
speed difference

NB VS S MS JS M JB MB VB VB
NM VS S JS M JB MB B VB VB

Z S MS JS M JB MB VB VB VB
PM VS S JS M JB MB B VB VB
PB VS S MS JS M JB MB VB VB

To better present the fuzzy rules, the fuzzy rule curve graph of Figure 10 was drawn.
This paper adopts the Gaussian membership function (gaussmf), and the curve of the
Gaussian distribution has the advantage of a smooth transition. To formulate the fuzzy
rules, import them into fuzzy controller 2. Then, multiply the output speed demand
coefficient of the shift motor by the speed of the shift motor to optimize the speed of the
shift motor, which meets the driver’s requirements.

The PID controller is as follows [31]:

u(t) = Kpe(t) + Ki

∫ t

0
e(τ)dτ + Kd

de(t)
dt

(31)

where u(t) denotes the controller output signal, e(t) represents the error between the desired
setpoint and the measured process variable, and Kp, Ki, and Kd are the proportional, integral,
and derivative gain coefficients, respectively.

Using the shift motor as the controlled object, the position of the shift fork is regulated
by adjusting the motor’s rotational speed, thus enabling precise control over shift displace-
ment. The deviation between the actual shift displacement and the target displacement
serves as the feedback error, which is fed into the PID controller to achieve closed-loop
control. As shown in Figure 11, this configuration constitutes the schematic of the PID
control structure.

During the PID control process, the speed of the shift motor is converted into linear
displacement via mechanical transmission. The conversion relationships are defined in
Equations (32)–(34):

θD =
∫ T

0
ωDdt (32)

θB = θD/nH (33)

xD = lB sin θB (34)

where θD denotes the rotation angle of the shift motor; ωD represents its angular velocity;
nH is the gear reduction ratio (set to 54); xD is the linear shift displacement; lB is the length
of the fork arm; and θB is the angle between the fork arm and the vertical axis.
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Figure 10. Fuzzy rule curve graph: (a) Fuzzy rule input curve of the rate of change in rotational speed
difference; (b) input curve of fuzzy rules for speed difference; and (c) output curve of the fuzzy rule
for the speed demand coefficient of the shift motor.

Figure 11. PID controller.

To enhance the responsiveness and adaptability of the shift actuator control, the
previously described fuzzy controller is combined with the PID controller, forming a
hybrid fuzzy PID control system. The architecture of the proposed fuzzy PID controller is
illustrated in Figure 12.

Figure 12. Fuzzy PID control system.
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The fuzzy controller operates independently from the PID controller, rather than
dynamically tuning the Kp, Ki, and Kd parameters according to fuzzy rules. This decoupled
design enables the shifting motor to shift based on the speed demand coefficient. The aim
is to operate in accordance with real-time driver intentions.

4. Simulation and HIL Testing
Section 4 presents a comparative analysis conducted in the MATLAB/Simulink envi-

ronment using driving cycles to evaluate the performance of the optimized control model
against both the conventional approach and the adaptive shift schedule design method
presented in [14]. Additionally, experimental validation was performed on a HIL testing
for the shift motor to verify the feasibility of optimizing the shift execution process through
speed regulation.

4.1. Simulation
4.1.1. Analysis of Vehicle Speed Prediction in Driving Cycles

To investigate the adaptive shifting strategy, the LA92, Ftp72, and Japan_urban driving
cycles were selected for analysis. Predicted vehicle speed profiles under these driving
cycles serve as inputs to the fuzzy controller in subsequent simulations. Figures 13–15
illustrate the actual driving cycles and their corresponding predicted speed trajectories.

Figure 13. LA92 driving cycle and predicted vehicle speed.

 

Figure 14. Ftp72 driving cycle and predicted vehicle speed.

In Figures 13–15, the red dashed line labeled “Driving cycle” is the original vehicle
speed, while the blue solid line labeled “Predicted vehicle speed” is the predicted vehicle
speed. It can be observed that the prediction accuracy decreases during periods of rapid
speed fluctuation. At a relatively stable speed, the prediction error remains within 5%. It
is worth noting that the LA92, Ftp72, and Japan_urban driving cycles were not used to
develop the speed prediction model. Nevertheless, the model demonstrates strong speed
prediction capability, indicating robust predictive performance beyond the sample data.
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Figure 15. Japan_urban driving cycle and predicted vehicle speed.

4.1.2. Shift Frequency Comparison

To verify the effect of the optimized shift control model in avoiding frequent gear
shifts. This paper takes driving cycles as variables to study the shifting frequencies of the
same driving cycle under various shifting strategies. The optimization strategy of this
article is designated as the proposed method, the conventional strategy is designated as
baseline method 1, and the adaptive shift schedule design method from [14] is designated
as baseline method 2.

The conventional method determines shift points based on vehicle speed. The adaptive
method is an adaptive shift schedule design method for multi-gear AMT electric vehicles
based on dynamic programming and fuzzy logical control.

As shown in Figures 16–18, the shifting frequencies of the proposed method, baseline
method 1, and baseline method 2 are compared over the LA92, Ftp72, and Japan_urban
driving cycles. Table 4 shows the comparison of the number of shifts. In the LA92 driving
cycle, the shift frequency of the proposed method is reduced by 57.14% relative to baseline
method 1 and by 52.63% relative to baseline method 2. In the Ftp72 driving cycle, the
proposed method achieves a reduction of 36.11% in shift frequency compared to both
baseline methods. In the Japan_urban driving cycle, the shifting frequency of the proposed
method decreases by 38.89% compared to baseline method 1 and by 21.43% compared to
baseline method 2.

Figure 16. Comparison of vehicle gears in the LA92 driving cycle.
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Figure 17. Comparison of vehicle gears in the Ftp72 driving cycle.

Figure 18. Comparison of vehicle gears in the Japan_urban driving cycle.

Table 4. Shift frequency comparison.

Proposed Method Baseline Method 1 Baseline Method 2

LA92 18 42 38
Ftp72 23 36 36

Japan_urban 22 36 28

The fuzzy PID gear shifting control strategy for electric vehicles based on driving style
and vehicle speed prediction solves the problem of frequent gear shifting and avoids some
negative impacts on drivers caused by frequent gear shifting.
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4.1.3. Dynamic Performance Comparison

To evaluate the improvement of vehicle dynamic performance, the integral of torque
over time is used as an indicator. Simulations were conducted in the LA92, Ftp72, and
Japan_urban driving cycles to ensure reliability. The results are presented in Figures 19–21.
Table 5 shows the dynamic performance comparison.

Figure 19. Dynamic performance comparison in the LA92 driving cycle.

Figure 20. Dynamic performance comparison in the Ftp72 driving cycle.

Figure 21. Dynamic performance comparison in Japan_urban driving cycle.

Table 5. Dynamic performance comparison results.

Proposed
Method

Baseline
Method 1

Baseline
Method 2 Units

LA92 17.55 14.46 17.23 kN·m·h
Ftp72 21.97 20.51 22.52 kN·m·h

Japan_urban 16.10 15.67 18.12 kN·m·h

In the LA92 (Figure 19), Ftp72 (Figure 20), and Japan_urban (Figure 21) driving cycles,
the time integral of torque values for baseline method 1 are 14.46, 20.51, and 15.67 kN·m·h,
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respectively, while the corresponding values of the proposed method are 17.55, 21.97, and
16.10 kN·m·h, respectively. These values increase by 21.36%, 7.18%, and 2.74%, respectively,
compared to baseline method 1. This indicates that, under the same vehicle speed, both
acceleration and climbing performance of the proposed method are improved compared to
baseline method 1. Overall, the dynamic performance of the proposed method is enhanced
by 21.36%, 7.18%, and 2.74% compared to baseline method 1 in the LA92, Ftp72, and
Japan_urban cycles, respectively.

The time integral of torque values for baseline method 2 are 17.23, 22.52, and
18.12 kN·m·h in the LA92, Ftp72, and Japan_urban driving cycles, respectively. In the
LA92 driving cycle, the dynamic performance of the proposed method is 1.86% higher
than that of baseline method 2. In the Ftp72 and Japan_urban driving cycles, the dynamic
performance of the proposed method is 2.44% and 11.15% lower than that of baseline
method 2, respectively. Compared with baseline method 2, the dynamic performance of
the proposed method is higher in some cycles and lower in others, owing to the differences
in the driving cycles.

4.1.4. Economic Performance Comparison

To assess the improvements in energy efficiency, simulations were conducted to
compare the proposed strategy with both the conventional vehicle-speed-based method
and the adaptive shift schedule design method reported in [14]. Key economic indicators
include drive motor energy consumption and battery state of charge (SOC).

To enhance the reliability of the simulation data, the economic comparison results
under the LA92, Ftp72, and Japan_urban driving cycles were studied successively. The
power comparison diagrams of the drive motors are shown in Figures 22–24, and the SOC
characteristic comparison diagrams are shown in Figures 25–27. Table 6 shows the drive
motor power comparison.

 

Figure 22. Comparison chart of the drive motor power in the LA92 driving cycle.

Figure 23. Comparison chart of the drive motor power in the Ftp72 driving cycle.
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Figure 24. Comparison chart of the drive motor power in the Japan_urban driving cycle.

Figure 25. Comparison of SOC characteristics in the LA92 driving cycle.

Figure 26. Comparison of SOC characteristics in the Ftp72 driving cycle.

Figure 27. Comparison chart of SOC characteristics in the Japan_urban driving cycle.

In Figure 22, the drive motor power of baseline method 1 is 5.97 kW·h, while that
of the proposed method under the same driving cycle is 5.73 kW·h. The optimized shift
control strategy thus proves to be more economical. The data show that, compared with the
vehicle-speed-based shift strategy, the optimized shift control strategy reduces the drive
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motor power by 4.02%. In Figure 23, the drive motor power of the Ftp72 control group
is 8.94 kW·h, while that of the Ftp72 experimental group under the same driving cycle is
8.61 kW·h. The optimized shift control strategy reduces the drive motor power by 3.69%.
In Figure 24, the drive motor power of the Japan_urban control group is 7.18 kW·h, while
that of the Japan_urban experimental group under the same driving cycle is 6.97 kW·h.
The optimized shift control strategy reduces the drive motor power by 2.92%.

Table 6. Drive motor power comparison.

Proposed
Method

Baseline
Method 1

Baseline
Method 2 Units

LA92 5.73 5.97 5.68 kW·h
Ftp72 8.61 8.94 8.50 kW·h

Japan_urban 6.97 7.18 6.96 kW·h

Compared with baseline method 2, the proposed method increases the energy consump-
tion by 0.88%, 1.29%, and 0.14% in the LA92, Ftp72, and Japan_urban cycles, respectively.

The SOC is 90% in Figure 25. The remaining SOC of the LA92 control group is 89.8756%,
while that of the LA92 experimental group is 89.8805%. After applying the optimized shift
control strategy, the remaining SOC increases by 0.0049 percentage points, while the energy
consumption of the LA92 control group is 0.1244%. The driving range increases by 3.94%
under the optimized shift control strategy compared to the baseline method. In Figure 26,
with an initial SOC of 90%, the remaining SOC of the Ftp72 control group is 89.8137%, while
that of the Ftp72 experimental group is 89.8206%. After applying the optimized shift control
strategy, the remaining SOC increases by 0.0069 percentage points, the energy consumption
of the Ftp72 control group is 0.1863%, and the driving range is improved by 3.7%. In
Figure 27, with an initial SOC of 90%, the remaining SOC of the Japan_urban control group
is 89.8504%, and that of the Japan_urban experimental group is 89.8548%. After optimizing
the shift control strategy, the remaining SOC increases by 0.0044 percentage points. In the
Japan_urban driving cycle, the control group consumes 0.1496% of energy, and the driving
range is increased by 2.94%. Table 7 shows the comparison of SOC changes.

Table 7. Comparison of SOC changes.

Proposed
Method

Baseline
Method 1

Baseline
Method 2 Units

LA92 0.1195 0.1244 0.1184 %
Ftp72 0.1794 0.1863 0.1770 %

Japan_urban 0.1452 0.1496 0.1451 %

Under the LA92, Ftp72, and Japan_urban driving cycles, compared with the conven-
tional vehicle-speed-based shift control strategy, the optimized strategy reduces the drive
motor power by 4.02%, 3.69%, and 2.92%, respectively, and increases the driving range
by 3.94%, 3.7%, and 2.94%, respectively. In Figures 25–27, the remaining SOC of the pro-
posed method increases by 0.93%, 1.36%, and 0.07% compared to baseline method 2 in the
LA92, Ftp72, and Japan_urban cycles, respectively. The two methods exhibit comparable
performance in terms of improving economic efficiency.

4.1.5. Smoothness Comparison

The integral of the shift impulse over time is adopted as the quantitative index of
power shock. Based on the LA92, Ftp72, and Japan_urban driving cycles, a comparative
analysis was conducted on the smoothness of the proposed method, baseline method 1,
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and baseline method 2. Figures 28–30 present schematic diagrams of the dynamic impact
comparison. Table 8 shows the smoothness comparison.
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Figure 28. Comparison chart of shift impulse and time in the LA92 driving cycle.
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Figure 29. Comparison chart of shift impulse and time in the Ftp72 driving cycle.
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Figure 30. Comparison chart of shift impulse and time in the Japan_urban driving cycle.

Table 8. Smoothness comparison results.

Proposed
Method

Baseline
Method 1

Baseline
Method 2 Units

LA92 45,475 66,687 91,351 N·s2

Ftp72 57,499 57,346 86,667 N·s2

Japan_urban 54,858 57,517 67,865 N·s2

The smoothness index values of the proposed method, baseline method 1, and baseline
method 2 are 45,475, 66,687, and 91,351 N·s2 in the LA92 driving cycle. Relative to baseline
method 1, the smoothness index of the proposed method is improved by 31.81%; relative
to baseline method 2, it is reduced by 50.22%. In the Ftp72 driving cycle, the smoothness
index values of the proposed method, baseline method 1, and baseline method 2 are 57,499,
57,346, and 86,667 N·s2. The proposed method shows a 0.26% increase in smoothness
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index compared with baseline method 1, and a 33.66% decrease compared with baseline
method 2. In the Japan_urban driving cycle, the smoothness index values of the proposed
method, baseline method 1, and baseline method 2 are 54,858, 57,517, and 67,865 N·s2.
The smoothness of the proposed method is 4.62% lower than that of baseline method 1,
indicating a slightly improved comfort level. The smoothness of the proposed method is
19.17% lower than that of baseline method 2.

From the above comparison and analysis of power shock, it is found that the smooth-
ness is improved by 31.81% in the LA92 driving cycle and by 4.62% in the Japan_urban
driving cycle compared to baseline method 1. The smoothness is essentially unchanged
compared to baseline method 1 in the Ftp72 driving cycle. It is found that the smoothness
is improved by 50.22%, 33.66%, and 19.17% compared to baseline method 2 in the LA92,
Ftp72, and Japan_urban driving cycles, respectively.

4.2. HIL: Shifting Motor Test

Bench testing, as a core technical means for the development and verification of vehicle
power systems, plays an irreplaceable role in the optimization and verification of shift
strategies. Through systematic testing in a high-precision and controllable environment, it
can accurately quantify the impact of shift strategies on power performance, economy, ride
comfort, and durability, providing data support for the correction of theoretical models
and the iteration of control algorithms.

Due to insufficient test conditions, this paper completed the functional test of the
shift motor based on the PC end, tested the sensitivity of the shift motor, calculated the
error between the actual speed of the shift motor and the required speed, and verified
the feasibility of optimizing the shift execution process by controlling the speed of the
shift motor.

To design the functional test of the shift motor for the two-speed AMT of electric
vehicles, the core lies in controlling the driver through the upper computer on the PC
end, thereby controlling the speed and rotation direction of the shift motor to simulate the
real shift situation. The test consists of a shifting motor, a driver, and a PC-end control
platform. The selection of test components is an indispensable step in the test process. First,
the selection of the host computer was carried out. In this paper, TODE-MotorHost was
selected as the test host computer. Second, the selection of the gear shifting motor was
completed. The selected motor is a 200 W/24 VDC permanent magnet synchronous motor
with a rated speed of 3000 RPM, as shown in Figure 31. Thirdly, the selection of the driver
was made, and the TODE driver that matches the permanent magnet synchronous motor
was chosen. Fourth, the communication signal was selected, and CAN communication
was chosen.

 

Figure 31. Shift motor.

Functional testing, as the primary step in verifying the fundamental performance
and reliability of the power transmission system, plays a foundational role throughout
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the entire testing process. Through systematic no-load operation, static shifting, and fault
injection tests, it ensures that each subsystem of the transmission (such as shift actuators,
synchronizers, sensors, and control systems) meets design specifications and functional
safety requirements in a controlled environment, laying the foundation for subsequent
performance testing and durability assessment.

The function test of the shift motor aims to verify whether the shift motor can operate
according to the data controlled by the PC in the shift motor test, and whether its function-
ality is good. Figure 32 presents the wiring diagram of the shift motor. To complete the
functional test of the shift motor, a test bench needs to be set up. The assembly and wiring
of the stand and the PC end require the installation of a switching power supply and a
three-hole plug with a switch. First, the shift motor is wired to the driver; then, the drive
motor is connected to the computer host. Next, the wiring of the switching power supply
and the driver is completed, and then the three-hole plug is connected via the switch to the
switching power supply. Finally, the three-hole power plug is connected via the switch to
the power socket to complete the power-on process.

 

Figure 32. HIL testing.

After the wiring is completed, PC control is performed. The shift control strategy
designed in this paper optimizes the shift execution process by controlling the rotational
speed of the shift motor. The target rotational speed of the shift motor is input on the PC
end to test the functionality of the shift motor. The specified speed is 200 RPM, which is
input to the PC end. The speed of the shifting motor fluctuates normally, with a fluctuation
amplitude of 0.51 RPM and an error of less than 1%. The average rotational speed is
200.00 RPM, and the error is negligible. Figure 33 shows the actual rotational speed of
the shifting motor at the target 200 RPM. The specified speed is −30 RPM, that is, the
reverse rotation speed is 30 RPM. The speed of the shifting motor fluctuates normally, with
a fluctuation amplitude of 0.25 RPM and an error of less than 1%. The average rotational
speed is 30.00 RPM, and the error is negligible. Figure 34 shows the actual speed of the
shifting motor at the target −30 RPM.

During the above process, the error is less than 1%, meaning that the gear shifting
motor operates at the input speed on the PC end, demonstrating good functionality. The
feasibility of optimizing the shift execution process by controlling the speed of the shift
motor in this paper is high.
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Figure 33. Actual rotational speed of the shifting motor at the target 200 RPM.

Figure 34. Actual rotational speed of the shifting motor at the target −30 RPM.

5. Discussion
The research object of this paper is the two-speed AMT of heavy-duty electric military

armored vehicles. The main research content is the shift control strategy of the two-speed
AMT of electric heavy-duty vehicles, considering the driver’s driving style and real-time
prediction of driving cycles. Aiming at the problem that the shift speed and timing of the
two-speed AMT of electric heavy-duty vehicles do not meet the driver’s requirements and
shift frequently, a two-speed AMT shift control model, including the drive motor, power
battery, etc., was built, and a fuzzy PID electric vehicle shift control strategy, based on
driving style and driving condition prediction, was proposed. The operation rules of the
shift control strategy under various driving cycles of the vehicle were analyzed, effectively
improving the vehicle’s power characteristics, economy, and driving smoothness.

The gear shifting motor test was completed. The results show that the motor operates
according to the data input on the PC end and has good functionality. The feasibility of
optimizing the shift execution process by controlling the speed of the shift motor in this
paper is high.

Although this shift control strategy effectively met the driver’s expectations, there are
still some shortcomings:

(1) The research results rely mainly on simulation. The applicability of the proposed
strategy under actual operating conditions remains unverified. Real roads feature
varying gradients, which differ from the simulation environment.
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(2) Regarding the structural design and dynamic analysis of the two-speed AMT for elec-
tric vehicles, the dynamic model designed in this paper is relatively simplified, ignor-
ing the energy loss caused by partial heat dissipation in the transmission system and
the changes in the air density and air resistance coefficient during vehicle operation.

(3) In terms of the research on the two-speed AMT control strategy for electric vehicles,
when calculating the condition prediction matrix based on the Markov chain model
in this paper, only 10 sets of driving cycles were sampled, and the predicted speed of
the next 2 s was found to be a little off based on the actual speed.

6. Conclusions
This article proposes a shift control strategy based on vehicle speed prediction and

driving style recognition for AMT by optimizing the shifting strategy to meet the driver’s
driving needs. The driving style recognition model based on impact degree and a condition
prediction model based on the Markov chain model were designed, and the driving style
and predicted vehicle speed were introduced to optimize the gear shifting decision-making
process. The fuzzy controller with driving style and predicted vehicle speed as inputs
and a gear adaptive model to avoid frequent gear shifting were designed. The target gear
was adjusted to optimize the gear shifting decision-making process for the second time.
The simulation and test results show that the proposed approach effectively improves
the vehicle’s power characteristics, economy, and driving smoothness compared to the
conventional strategy. Compared with the adaptive shift schedule design method of [14],
the proposed approach reduces shift frequency and improves ride comfort by at least
19.17% under similar dynamic performance and fuel economy conditions.

Future work will focus on the validation of the proposed strategy under varying
loads, road slopes, and other real-world factors. To further optimize the shifting strategy,
the following research directions will be pursued. First, additional driving cycles will be
sampled to reduce the prediction error for vehicle speed over the next two seconds. Second,
a joint simulation platform integrating CarSim and MATLAB/Simulink will be established
to conduct a higher-quality simulation analysis. Third, real vehicle tests will be conducted
to enhance test data reliability.
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Abbreviations
The following abbreviations are used in this manuscript:

AMT Automated manual transmission
HIL Hardware in loop
EVs Electric vehicles
MPC Model predictive control
S-MPC Static model-based predictive control
SOC State of charge
PID Proportional integral derivative
INDIA_URBAN_SAMPLE Indian urban driving cycle
UDDS Urban dynamometer driving schedule
WVUSUB West Virginia University suburban cycle
MANHATTAN Manhattan bus cycle
NurembergR36 Nuremberg R36 driving cycle
NYCC New York City cycle
WVUCITY West Virginia University city cycle
HWFET Highway fuel economy test
NREL2VAIL NREL to Vail driving cycle
US06_HWY US06 supplemental federal test procedure
LA92 Los Angeles 92 (driving cycle)
Ftp72 Federal test procedure 1972
Japan_urban Japanese urban (driving schedule)

Appendix A
The following symbols are used in this manuscript:

Table A1. Symbols.

Symbols Meanings Units

ud Voltages along the d axes, respectively V
uq Voltages along the q axes, respectively V
id Currents along the d axes, respectively A
iq Currents along the q axes, respectively A
Rs Stator resistance Ω
Ld Inductors of the d axes, respectively H
Lq Inductors of the q axes, respectively H
ωe Electrical angular velocity rad/s
ψf Permanent magnet flux link Wb
p Number of pole pairs on the motor /
Te Electromagnetic torque N·m
TL Load torque N·m
Id Moment of inertia of the drive motor kg·m2

B Damping coefficient N·m·s
ωm Mechanical angular velocity rad/s

ESOC Electromotive force in the current state V
E0 Fitting coefficient of the battery electric constant V

RSOC Current internal resistance Ω
δ0 Internal resistance compensation coefficient /
R0 Internal resistance constant Ω
j A polynomial exponential degree /
λj Fitting coefficient Ω
t Discrete time step s
I Current A

Qbat Capacitance C
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Table A1. Cont.

Symbols Meanings Units

Pbat Power W
i0 Speed ratio of the main reducer /
i1 First gear transmission ratio /
i2 Second gear transmission ratio /
i3 Speed ratio of the main reducer /

iQ
Ratio of the drive motor speed to the synchronizer Speed

at the current gear /

r Radius of the wheel m
n0 Wheel speed r/s
n1 Gear speed of the synchronizer r/s
nQ Output speed of the drive motor r/s
v Vehicle speed m/s
P Total energy consumption of the driving motor kW·h

nQG
The ratio of the output speed of the drive motor to the
speed of the synchronizer gear at the high-speed gear /

nQD
The ratio of the output speed of the drive motor to the

speed of the synchronizer gear at low speed /

Ft Driving force of the entire vehicle N
Ff Rolling resistance N
Fw Air resistance N
Fj Acceleration resistance N
Fi Slope resistance N
Te Output torque of the drive motor N·m

inow Current gear transmission ratio /
η Efficiency of the transmission system /
r Radius of the wheel m

Cf Rolling resistance coefficient /
θ Slope angle ◦

ρ Density of air kg/m3

Cd Coefficient of air resistance /
A Windward area of the vehicle m2

δ Rotational mass conversion factor /
ig AMT transmission ratio /

Iout Moment of inertia of the AMT output shaft kg·m2

J Vehicle impact degree m/s3

a Longitudinal acceleration of the vehicle m/s2

v The vehicle speed m/s
Rdriver The impact degree analysis coefficient /

SDJ Normal deviation of the impact degree m/s3

J Average absolute value of the impact degree m/s3

Ji Instantaneous impact degree m/s3

Rnorm Critical values for normal driving styles, respectively /
Ragg Critical values for aggressive driving styles, respectively /
v0 Initial speed of the vehicle m/s
s Order of the Markov chain model /
m Number of states /
n Time point in the prediction time domain /

LPH Length of the prediction time domain /
vi Speed within the discrete intervals m/s
aj Acceleration within the discrete intervals m/s2

X̂t State with the maximum probability /
nd Drive motor speed r/s
u(t) Controller output signal /

e(t) Error between the desired setpoint and the measured
process variable /

https://doi.org/10.3390/vehicles8070157

https://doi.org/10.3390/vehicles8070157


Vehicles 2026, 8, 157 31 of 32

Table A1. Cont.

Symbols Meanings Units

Kp Proportional gain coefficient /
Ki Integral gain coefficient /
Kd Derivative gain coefficient /
θD Rotation angle of the shift motor ◦

ωD Angular velocity of the shift motor rad/s
nH Gear reduction ratio /
xD Linear shift displacement m
lB Length of the fork arm m
θB Angle between the fork arm and the vertical axis ◦
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