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Abstract

To address the problem of real-time coordinated control in gear selection and power
distribution for hybrid energy storage systems, an adaptive real-time optimal control
strategy is proposed in this study. Firstly, a vehicle dynamics model with a hybrid energy
storage system and a two-speed mechanical automatic transmission (2AMT) is constructed.
Next, a nonlinear optimization problem aiming to minimize battery energy consumption is
established. To address the challenge of high computational complexity, polynomial fitting
and variable substitution are employed to transform the original nonlinear problem into
a convex optimization framework. This transformation enables the control variables to
be directly obtained through efficient matrix operations with a global optimal analytical
solution, thereby significantly improving computational efficiency. The real-time adaptive
control strategy achieves forward-looking coordinated optimization of power distribution
and gear selection. The simulation results show that the proposed method can achieve an
effect similar to that of dynamic programming (DP) in terms of energy consumption but
gains much higher computational efficiency. Compared with the rule-based strategy, the
battery energy consumption is reduced by approximately 10%. The method demonstrates
advantages both in terms of economy and real-time performance.

Keywords: hybrid energy storage system; energy management strategy; convex optimization;
real-time control; electric vehicle

1. Introduction
Driven by the global goal of carbon neutrality, new-energy vehicles play a significant

role in alleviating energy shortages and environmental pollution [1]. However, lithium-ion
batteries, which are the main power source for electric vehicles, have shortcomings in terms
of energy density, charging speed, and cycle life, which limit the vehicle’s range [2,3]. This
problem is particularly prominent in commercial vehicles with complex working conditions
and frequent starts and stops.

To enhance the overall vehicle performance, the hybrid energy storage system (HESS),
which combines batteries and supercapacitors, has been introduced to balance both range
and dynamic requirements, thereby extending the battery lifespan [4,5]. The two-speed
automatic mechanical transmission (2AMT) features a simple structure and controllable
cost, which optimizes the matching of motor torque and speed [6], improving the energy ef-
ficiency of the vehicle in various operating conditions and providing an effective approach
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for the energy conservation and power optimization of electric vehicles [7]. This is particu-
larly advantageous for commercial vehicles, such as the electric logistics van considered
in this study, which experiences significant load fluctuations and frequent start–stops. It
would lead to lower overall energy efficiency, especially during low-speed, high-torque
demands, such as start-up and climbing.

For vehicles equipped with both an HESS and a 2AMT, the integrated control strategy
must simultaneously address gear selection and power distribution under dynamic driving
conditions. However, most existing studies focus on either energy management or transmis-
sion control independently, leading to suboptimal performance in real-time applications [8].
Control strategies can be categorized into rule-based strategies and optimization-based
strategies [9,10].

Rule-based strategies, such as deterministic rule tables [11,12], fuzzy logic control [13,14],
and wavelet transform [15], are valued for their simplicity and improved adaptability.
However, a fundamental limitation is their reliance on predefined logic based on current
or immediate past system states. This reactive nature often prevents them from achieving
optimal power distribution, frequently leading to issues such as premature supercapacitor
depletion and low overall energy utilization efficiency. Their inherent rigidity makes
it challenging to adapt to dynamic driving conditions or achieve a global optimization
across multiple, often competing, objectives like energy efficiency, battery longevity, and
real-time performance.

Optimization-based strategies aim to overcome these limitations by systematically
seeking optimal control actions [16]. These can be further divided into several classes.
Global optimization methods like dynamic programming (DP) are fundamental global
optimization techniques designed to minimize energy consumption and determine optimal
transmission ratios over a known driving cycle [17]. However, their high computational
complexity restricts them to offline benchmark studies. Real-time optimization methods
include methods that sacrifice global optimality for practical realizability. The equivalent
consumption minimization strategy (ECMS) improves real-time performance by adaptively
optimizing equivalent factors [18,19]. Intelligent algorithms, such as NSGA-II [20] and
neural networks [21], offer powerful ways to handle complex, nonlinear optimization
problems. However, they belong to a different class of heuristic search methods that do
not offer the same theoretical guarantees and often struggle with computational efficiency.
Other advances include stochastic control [22] and Pontryagin’s minimum principle [23],
which are often combined with a model predictive control (MPC) framework to enhance
robustness using short-term predictions [24]. Reinforcement learning (RL)-based intelligent
coordinators have also been explored to enhance system adaptability through online
learning. They all possess a significant theoretical advantage but still fall short in terms of
real-time responsiveness.

Convex optimization methods enable practical implementation by efficiently solving
convex models that simultaneously optimize gear selection and torque distribution [25,26].
Studies [27] have shown that convex optimization-based power allocation can significantly
reduce the variance in battery power output and slow down battery capacity decay com-
pared to rule-based methods while achieving high system efficiency. A common challenge
is that the original nonlinear model dynamics may require simplification or linearization
to fit the convex form, which can compromise accuracy. Furthermore, even with a convex
optimization toolbox (CVX), meeting strict real-time requirements can be challenging for
complex problems.

The integrated control of hybrid energy storage systems (HESSs) and two-speed
automated manual transmissions (2AMT) presents two primary challenges: the multi-
objective optimization of gear shifting and power management, and the critical trade-off
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between real-time operational performance and global energy optimality. To overcome
the limitations of existing strategies, this paper proposes a novel hierarchical convex
optimization framework. The core innovation involves a mathematical reformulation
that transforms the original non-convex optimization problem into a tractable convex
form through polynomial fitting and variable substitution. This approach enables the
direct derivation of a global optimal solution via efficient matrix operations, successfully
bridging the gap between computational efficiency and near-global optimality. The main
contributions of this work are summarized as follows:

1. A vehicle dynamics model and a hierarchical optimization framework are developed.
Based on the “prediction-control” framework, this paper proposes a hierarchical
control scheme to achieve decoupling and real-time control of gear shifting and power
distribution of the power supply.

2. A convex optimization strategy is proposed to transform the power allocation problem
into a convex quadratic programming form and obtain the global optimal solution
non-iteratively through matrix operations, achieving efficient and real-time power
allocation between the battery and the supercapacitor.

3. The proposed strategy demonstrates real-time performance across diverse system
configurations. Its superior computational efficiency, a key advantage over conven-
tional methods, provides a solid foundation for real-time control applications. This
conclusion is robustly supported by comparative analyses with both dynamic pro-
gramming and rule-based methods, showing that the strategy consistently achieves
near-global optimality.

2. Vehicle Modeling
This section is dedicated to establishing the mathematical model of the vehicle power-

train, comprising the vehicle dynamics and the hybrid energy storage system (HESS). All
equations herein describe the physical relationships and component characteristics that
form the basis for the optimization problem.

2.1. Vehicle Structure Description

Electric logistics vehicles often encounter significant load fluctuations during oper-
ation, especially during low-speed start-up and climbing phases, where the drive motor
needs to provide high torque. Conversely, during high-speed cruising, the motor operates
at high speed and lower torque. A single-speed transmission represents a compromise,
unable to optimally match both extremes. To enhance the efficiency of the drive motor
across this wide range of operating conditions and alleviate the pressure on the power
system, this study employs a two-speed mechanical automatic transmission (2AMT). By
optimizing the transmission ratio, the operating conditions of the motor are improved.
Given the inherent limitations of the power density and cycle life of lithium-ion batteries,
supercapacitors are introduced into the power system to construct a hybrid energy storage
system (HESS), which reduces the frequency of the batteries being subjected to large current
charging and discharging, thereby extending their service life. The basic parameters of the
vehicle are listed in Table 1.

The vehicle topology is shown in Figure 1. The battery is directly connected to the DC
bus, and the supercapacitor is connected in parallel with the battery through a bidirectional
DC/DC converter. The bidirectional DCDC converter resolves the voltage matching issue
through its Buck (downward conversion) and Boost (upward conversion) modes, thereby
enabling precise energy routing and leveraging the complementary characteristics of both
energy sources. This structure helps stabilize the bus voltage and allows the battery and
supercapacitor to supply power to the drive motor independently or collaboratively. The

https://doi.org/10.3390/act15010032

https://doi.org/10.3390/act15010032


Actuators 2026, 15, 32 4 of 19

output shaft of the motor is directly connected to the input shaft of the 2AMT, reducing the
efficiency loss in the transmission chain.

Table 1. Vehicle parameters and dynamic requirements.

Vehicle Parameters

Vehicle mass MV 2580 kg
Wheel roll radius RW 0.376 m

Rolling resistance coefficient f 0.019
Frontal area A f 5 m2

Air resistance coefficient CD 0.6
Rotational mass coefficient δ 1.03

Air density ρa 1.29 kg/m3

Transmission efficiency ηg 0.95

Dynamic Requirements

Top speed Vmax 135 km/h
Maximum gradeability αmax ≥20%

ig1

i0

Wheel

2AMT

Differential

Synchronizer

Gear1 Gear2

Main reducer

DC/AC

+

_
Battery Supercapacitor

Bidirectional D
C

/D
C

ig2

Drive Motor

Figure 1. Vehicle topology structure.

2.2. Vehicle Dynamics Model

The vehicle driving resistance includes rolling resistance, slope resistance, air resistance
and acceleration resistance [4–7]. Based on the power balance equation, the required
driving torque Tf and power Pf at the wheel end can be calculated, respectively, by the
following equations.

Tf = RW

(
MV gsinα + MV g f cosα + 0.5ρa A f CDv2 + δmV

.
v
)

(1)

Pf (t) = Tf ω f (2)

where α and v are the road slope and the vehicle speed. ω f is the rotational speed at the
wheel end, which can be calculated as

ω f =

(
v

Rw

)
·
(

60
2π

)
(3)

Sg = −sign
(

Pf

)
(4)

where Sg is the sign of Pf ; when Pf > 0, Sg < 0, the drive motor is in driving mode; when
Pf < 0, Sg > 0, the vehicle is in regenerative braking mode.
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Under quasistatic rigid body assumptions, the 2AMT input torque Tin and speed ωin

are determined as
Tin = Tf ηg

Sg /ig (5)

ωin = ω f ig (6)

Given the transmission efficiency ηg, gear ratio ig includes the final gear ratio. Since
the input shaft of the 2AMT is directly driven by the motor, the output power of the drive
motor can be expressed as

PM,out = TMωM = Tinωin = Pf ηg
Sg (7)

TM and ωM are the output torque and the rotation speed of the drive motor. The total
motor power consumption PM,tol is the sum of the mechanical output power PM,out and
power dissipation losses PM,loss. The mathematical relationship is defined as Equation (8),
and the basic parameters of the motor are listed in Table 2.

PM,tol = PM,out + PM,loss (8)

Table 2. Drive motor parameters.

Maximum Power Pmax Maximum Torque Tmax Maximum Speed ωmax

125 Kw 320 N·m 12,500 rpm

2.3. HESS Model

The HESS combines a battery and a supercapacitor via a bidirectional DC/DC con-
verter. To reduce computational load, a simplified Rint model is adopted for the battery
model, while the supercapacitor is modeled as an RC equivalent circuit. Corresponding
equivalent circuit diagrams are provided in Figure 2.

Battery Supercapacitor
+- +-

Figure 2. Equivalent circuits for battery and supercapacitor.

Battery power consumption PB is defined as the sum of output power PB,out and
internal resistive losses PBR.

PB = PBR + PB,out (9)

UB,ociB = i2BRB + PB,out (10)

UB,oc denotes battery open-circuit voltage, and RB is internal resistance. The discharge
current iB and state of charge of battery (SOCB) can be calculated as follows:

iB =
UB,oc −

√
U2

B,oc − 4RBPB,out

2RB
(11)

SOCB = SOCB0 −
1

QB

∫ t f

t0

iBdt (12)

S
.

OCB = − iB
QB

=
−UBoc +

√
U2

B,oc − 4RBPB,out

2QBRB
(13)
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where SOCB0 is the battery initial SOC, QB is the maximum battery capacity (As), and the
constraints for iB and SOCB are

iB,min ⩽ iB ⩽ iB,max (14)

SOCB,min ⩽ SOCB ⩽ SOCB,max (15)

Similar to the battery model, the relationship of supercapacitor power consumption
PC, output power PC,out, and power loss PCR can also be expressed as

PC = PCR + PC,out (16)

Supercapacitor current and SOC can be, respectively, expressed as

iC =
UC,oc −

√
U2

C,oc − 4RCPC,out

2RC
(17)

SOCC = SOCC0 −
1

QC

∫ t f

t0

iCdt (18)

S
.

OCC = − iC
QC

=
−UC,oc +

√
U2

C,oc − 4RCPC,out

2QCRC
(19)

where UC,oc is supercapacitor open-circuit voltage, and RC is internal resistance.
The total motor power consumption PM,tol equals the combined output power sup-

plied by the battery pack and supercapacitor pack if DC–DC converter losses is neglected,
which can be expressed as Equation (20):

PM,tol = PC,out + PB,out (20)

3. Optimization Algorithm
This section presents the methodological framework for solving the energy manage-

ment problem. It focuses on formulating the optimization problem based on the models in
Section 2, transforming it into a tractable form, and detailing the solution algorithm. The
optimization problem formulation is first determined in Section 3.1; then, a hierarchical op-
timization framework is adopted, and the complex nonlinear power distribution problem
is transformed and solved via convex optimization in Section 3.2; and finally, the overall
real-time control process is described in Section 3.3.

3.1. Optimization Problem Formulation

This subsection formally defines the optimization problem, specifying the objective
function, state variable, control variables, and constraints, thereby establishing the founda-
tion for the subsequent convex reformulation.

The optimization problem is formulated to minimize battery power consumption
by controlling the battery output (PB,out) and the discrete gear ratio

(
ig
)
, with the super-

capacitor SOC as the state variable x = SOCC. The control variables are expressed as

m =
[

PB,out ig

]T
. The mathematical formulation is as follows:

MinJ =
∫ t f

t0

PB(t)dt (21)
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Constraints are as follows:

s.t.



.
x = f (x, m)

x(t0) = SOCC(t0)

x
(

t f

)
= SOCC

(
t f

)
xmin(t) ⩽ x(t) ⩽ xmax(t)
PB,min ⩽ PB,out ⩽ PB,max

ig ∈
{

ig1, ig2
}

(22)

x(t0) and x(t f ) denote the SOCC at the initial time t0 and final time t f ; xmin(t) and
xmax(t) represent the limits of SOCC; PB,min and PB,max are the limits of PB,out; and ig1 and
ig2 are the two gear ratios of the 2AMT.

Based on the PMP, the Hamilton function can be written as

H = PB − λ
.
x (23)

λ is the equivalent factor (EF). The goal is to find the optimal control trajectory m∗ that
minimizes the Hamilton function at each instant subject to the system constraints.

m∗ = argmin{H(x, λ, m)} (24)

The battery power consumption PB and S
.

OCC both exhibit nonlinear relationships
with PB,out, resulting in a non-convex Hamiltonian and a terminal constraint. The above
optimization problem is a mixed integer programming problem. The complexity of this
kind of problem is relatively high, which is needed to handle linear, nonlinear and integer
constraints simultaneously; it is usually solved using numerical iterative methods.

3.2. Convex Modeling

A hierarchical optimization method is proposed to simplify the optimization problem
and decouple the two control variables. The first step is to determine the optimal gear
offline. Firstly, vehicle speed and acceleration are discretized over typical operating ranges
(0 ∼ 100 km/h, −2~2 m/s2). To minimize motor consumption, the optimal gear is selected
using the following equations with the lowest motor power consumption, resulting in a
gear selection map in Figure 3.

(PM,min, index) = min
(

PMG1 , PMG2

)
(25)

Figure 3. Optimal gear selection map of 2AMT. (The blue area represents the selection of Gear 1, the
yellow area represents the selection of Gear 2).
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Motor power consumption PMG1 and PMG2 correspond to Gear 1 and Gear 2, respec-
tively. During real-time operation, the optimal gear is determined by referring to the
gear selection map in Figure 3. For example, Gear 1 is selected at a wheel acceleration
of −1.65 m/s2 and vehicle speed of 31 km/h, while Gear 2 is chosen at 1.05 m/s2 and
154 km/h.

The total motor power demand PM,tol is first set by the predicted 2AMT gear sequence.
For the subsequent real-time power distribution, a new control variable u is defined to
manage the nonlinear

.
SOCC.

u =
−UC,oc +

√
U2

C,oc − 4RC(PM,tol − PB,out)

2QCRC
(26)

The variable u is defined as a function of the rate of change in the supercapacitor’s
SOC. Referring back to Equation (20), the expression for

.
SOCC is exactly the same as the

right-hand side of Equation (26). Therefore, u =
.

SOCC. This substitution transforms the
original nonlinear and non-convex constraint relationship concerning PB,out into a linear
relationship regarding the new control variable u. The state-variable differential equations
from Equation (22) can be rewritten as

.
x = f (x, u) = u (27)

Then, PB,out can be written as a function of u.

PB,out = QC
2RCu2 + QCUC,ocu + PM,tol (28)

Take the partial derivative of both sides of the equation with respect to PB,out

∂u
∂PB,out

=
2RC

QC

√
UC

2 − 4RC(PM,tol − PB,out)
> 0 (29)

Since the partial derivative is positive, u increases monotonically with PB,out, so its
limits are functions of PB,out.

umin(PB,out(min)) ⩽ u ⩽ umax(PB,out(max)) (30)

PB,out(min) and PB,out(max) are the minimum and maximum output power of the
battery. Consequently, PB,out is parameterized as a quadratic function of u:

PB,out = apu2 + bpu + cp (31)

Due to the omission of battery resistance loss, minimizing total power consumption PB

is equivalent to minimizing PB,out. The objective function therefore simplifies to a convex
quadratic function of u, defined by constants ap > 0, bp, cp are related to PM,tol .

The termination constraints of the state variable can be written as

x(t f ) = x0 +
∫ t f

t0

udt (32)

Multiply both sides by qC = UC,ocQC, the terminal constraint can be converted into
the terminal energy constraint, which can be denoted as

QC(t f ) = qCx(t f ) = qCx0 + qC

∫ t f

t0

udt (33)
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Similarly, by defining a variable y = qCx, the SOCC and S
.

OCC can be converted into
energy consumption (y) and the change rate of energy consumption (

.
y).

.
y = −qC

.
x = −qCu (34)

Optimization problem can be algebraically transformed into the following structure:

MinJ =
∫ t f

t0

(
apu2 + bpu

)
dt (35)

Constraints can be rewritten as

s.t.



.
y = −qCu

EC(t0) = qCx(t0)

EC

(
t f

)
= qCx

(
t f

)
umin ⩽ u(t) ⩽ umax

xmin ⩽ x(t) ⩽ xmax

(36)

The Hamiltonian equation is rewritten as

H = apu2 + bpu − λ
.
y (37)

The problem is a convex quadratic programming due to the Hamiltonian’s convexity
and linear constraints. It is solved online in a prediction horizon

[
t0t f

]
, with the power

demand
(
Pf,list

)
partitioned into driving

(
Pf,d

)
and braking (Pf,d) modes as follows:

Pf,list =
[

Pf (1), Pf (2), · · · Pf (N)
]

(38)

Pf,b ≜ Pf,list
(
Pf,list ⩽ 0

)
=

[
Pf ,b(1), Pf ,b(2), · · · Pf ,b(Nb)

]
(39)

Pf,d ≜ Pf,list
(
Pf,list > 0

)
=

[
Pf ,d(1), Pf ,d(2), · · · Pf ,d(Nd)

]
(40)

The prediction horizon length N is the sum of the driving phase length Nb and braking
phase length Nd (N = Nb + Nd). During braking mode, supercapacitor is engaged for
braking energy recovery and battery power output maintained at zero.

PB,outb =
[
0; 0; · · · ; 0;

]
Nb×1

(41)

During braking, the supercapacitor output power (PC,outb ) equals the maximum of
the recoverable braking power (ηbPf,b

) and the supercapacitor charging power PC,min is
given by

PC,outb = max
(

ηbPf,b
, PC,min

)
(42)

The total recoverable braking energy during prediction horizon is given by

ECb = −qCt∆

Nb

∑
k=1

−UC,oc +
√

U2
C,oc − 4RCPC,outb

2QCRC
(43)

By discretizing the constraint
.
y = −qCu in Equation (36) and combining it with

Equation (43), the terminal energy constraint for the supercapacitor is derived under the
principle of energy conservation as

−qC∆t
Nd

∑
k=1

u(k) = qC

(
x(t0)− x(t f )

)
+ ECb (44)
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The foregoing analysis enables the following optimization problem formulation; the
boundary constraints are temporarily omitted:

J = 1
2 UTHdU + CTU

s.t.g(U) = AU + B = 0
(45)

The matrixes in Equation (45) are denoted as

Hd =


ap1 0 · · · 0
0 ap2 · · · 0
...

...
. . .

...
0 0 . . . apNd


Nd×Nd

C =


bp1

bp2
...

bpNd


Nd×1

A = qC∆t


−1
−1

...
−1


−1

1×Nd

B = qC

(
x(t f )− x(t0)

)
+ ECb

(46)

The new Lagrange function of Equation (45) can be written as

L(U, λ) =
1
2

UTHdU + CTU + λ(AU − B) (47)

Take partial derivatives of U and λ, and set the derivatives to zero:

∇U L(U, λ) = 0,∇λL(U, λ) = 0 (48)

Write the obtained system of equations in matrix form:[
Hd −AT

−A 0

][
U
λ

]
=

[
−C
−B

]
(49)

Since Hd is symmetrically positively definite, the coefficients of the system are non-
singular, so the equation has a unique solution, which can be expressed as[

U∗

λ∗

]
=

[
−GC + ETB

EC − FB

]
(50)

Matrix G, E, F can be expressed by the following formula:
G = H−1

d − H−1AT
(

AH−1
d A−1

)−1
AH−1

d

E =
(

AH−1
d AT

)−1
AH−1

d

F = −
(

AH−1
d AT

)−1

(51)

At this point, through efficient matrix operations, the analytical solution of λ* can
be obtained, and the control variables sequence U within the prediction period can be
calculated. If U exceeds the constraint range, the data of the extremum point can be
selected, which is as follows:

U =


Umax, U ⩾ Umax

U, Umin ⩽ U ⩽ Umax

Umin, U ⩽ Umin

(52)
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Update λ∗ per prediction cycle; PB,out and PC,out can be calculated by following equations:

PB,out = QC
2RCU2 + QCUC,ocU + PM,tol (53)

PC,out = PM,tol − PB,out (54)

3.3. Real-Time Control Process

The real-time control process is illustrated in Figure 4. First, sensors collect current
vehicle speed; the controller uses the current vehicle speed and a predefined prediction
horizon to generate predicted speed and acceleration profiles. Subsequently, the optimal
gear is determined in real time via a look-up table, and the optimal total demand power over
the prediction horizon can be calculated. The required power is then discretized according
to the sampling time (∆t = 1 s) and segregated into driving and braking components. The
optimal equivalence factor λ∗ is derived analytically to assign output power setpoints
for the battery and supercapacitor. If any power value exceeds operational limits, the
Hamiltonian is penalized to infinity ( H → ∞ ), forcing the corresponding source to operate
at its boundary.

Real-time Gear 
decision

Real-time power 
distribution

BatterySupercapacitor

Drive motor 2AMT Wheel

Prediction 
horizon

Controller

 
Figure 4. Real-time control process. (The direction of the arrow indicates the direction of
power output.)

Prediction uncertainty increases with the length of the prediction horizon; SOC stabi-
lization performance exhibits strong dependence on the length of the prediction horizon.
To characterize the relationship between the length of the prediction horizon and super-
capacitor SOC variability, supercapacitor SOC profiles under three prediction periods
(N = 10, N = 30, N = 50) is compared in Figure 5. It shows that under identical operating
conditions, a longer prediction period significantly increases the fluctuation amplitude of
the capacitor SOC, with the effect being most pronounced at N = 50, while the shortest
period (N = 10) minimizes SOC fluctuation. It also limits the capacitor’s ability to perform
effective peak-shaving and valley filling, thereby reducing battery energy economy. In
order to strike a balance between peak shaving and valley filling utilization and the stability
of battery state of charge (SOC), a 30 s prediction horizon (N = 30) is selected as the optimal
prediction length.
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Figure 5. The maintenance of the supercapacitor SOC under different prediction horizons.

A time-varying target terminal SOC update rule is proposed to curtail prediction error
effects, which is determined as

xt fp = 2xt f − xc (55)

where xt f _p is the modified target terminal SOC, xt f represents the target terminal SOC for
the actual cycle, and xc the current SOC.

4. Results
4.1. Economic Performance

To verify the performance of the electric drive system structure and control strategy
proposed in this paper, tests were conducted under three typical load cycle conditions: the
Chinese Light-duty Vehicle Test Cycle (CLTC-C), the Worldwide Light-duty Vehicle Test
Cycle (WLTC), and the New European Driving Cycle (NEDC). The operation data of the
motor and the 2AMT under each condition are plotted in Figures 6–8, respectively. Taking
Figure 6 as an example, it shows the time series curves of key parameters under the driving
cycle of CLTC-C. Figure 6a is the vehicle speed (km/h), Figure 6b is the vehicle acceleration
(m/s2), Figure 6c is the total power consumption of the motor (W) after applying the shift
strategy proposed in this paper, and Figure 6d shows the optimal gear selection sequence
of the 2AMT transmission during this process. Figures 7 and 8 present the test data under
the WLTC and NEDC conditions, respectively, in the same structure.

Figure 6. Driving cycle of CLTC_C: (a) vehicle speed; (b) vehicle acceleration; (c) drive motor power;
(d) selected gear of 2AMT.
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Figure 7. Driving cycle of WLTC: (a) vehicle speed; (b) vehicle acceleration; (c) drive motor power;
(d) selected gear of 2AMT.

Figure 8. Driving cycle of NEDC: (a) vehicle speed; (b) vehicle acceleration; (c) drive motor power;
(d) selected gear of 2AMT.

The gear ratio election principle of the transmission should be clarified first, which
is essentially a multi-objective trade-off process. Based on the vehicle’s dynamic require-
ments listed in Table 1, to achieve a 20% climbing slope at a speed of 10 km/h and a
maximum speed of 135 km/h, the feasible range of gears needs to satisfy the following
constraint equations:

i0i f Tmax

(
i0i f v1/RW

)
≥ TL(arctan(0.2), v1), v1 = 10/3.6 (56)

i0i f Tmax

(
i0i f v2/RW

)
≥ TL(0, v2), v2 = 135/3.6 (57)
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Tmax denotes the drive motor’s rated peak torque capability. The range of the trans-
mission ratio is [6.73, 12.6]. Three powertrain systems are selected for comparison: a 2AMT
with gear ratios of ig1 = 7 and ig2 = 12, a single-gear reducer with a gear ratio of ig = 8,
and a single-gear reducer with a gear ratio of ig = 11.

To evaluate the control performance, three strategies were applied to the powertrain
systems: the optimization strategy proposed in this study (OPT), dynamic programming
(DP), and a rule-based control method (RB). The initial state of charge (SOC) for both the
battery and supercapacitor was set to 0.8. Table 3 compares the battery energy consumption
of two powertrain configurations (2AMT; Reducer1 and Reducer2) under three control
methods (OPT, DP, and RB) across three test cycles (CLTC_C, WLTC, and NEDC). The
values in parentheses indicate the percentage increase in energy consumption for the
reducer-equipped system relative to the 2AMT baseline under the same control strategy.

Table 3. Comparison of economic performance.

Powertrain
Control
Strategy

Battery Energy Consumption (kWh) and
Increased Percentage of Power Loss (%)

CLTC WLTC NEDC

2AMT
(ig1 = 7
ig2 = 12)

OPT 5.2 9.99 3.7
DP 4.8 9.58 3.45
RB 5.79 10.87 4.41

Single-gear
Reducer1
(ig = 8)

OPT 5.97 (14.81%) 11.23 (12.41%) 4.45 (14.99%)
DP 5.62 (17.08%) 11.00 (14.82%) 4.02 (16.53%)
RB 6.47 (11.74%) 11.98 (10.21%) 5.03 (14.06%)

Single-gear
Reducer2
(ig = 11)

OPT 6.09 (17.12%) 11.03 (10.41%) 4.58 (18.35%)
DP 5.73 (19.38%) 10.72 (11.90%) 4.15 (20.29%)
RB 6.75 (16.58%) 12.14 (11.68%) 5.22 (18.37%)

The data in Table 3 demonstrate that both the powertrain configuration and energy
management strategy significantly influence the energy consumption of electric vehicles.
As for the superiority of the integrated powertrain, the consistent 11–19% higher energy con-
sumption of the single-gear reducer configurations, even under OPT control, underscores
the critical role of the 2AMT in optimizing motor operational efficiency. This validates the
necessity of the integrated control problem addressed in this study.

The proposed strategy shows a maximum deviation of only 2–3% between its battery
energy consumption values and the global optimal values obtained by dynamic program-
ming (DP) across all driving cycles (such as CLTC-C, WLTC, and NEDC). This indicates that
this method efficiently captures the potential for system energy savings. Compared with the
rule-based (RB) strategy, the OPT strategy can continuously reduce battery energy consump-
tion by approximately 10%, for instance, from 5.79 kWh to 5.2 kWh in the CLTC-C mode,
highlighting its significant economic improvement and practical application advantages.

4.2. SOC Performance

The vehicle demand power curve under the CLTC-C condition is shown in Figure 6c,
with the peak discharge power reaching 80 kW and the maximum feedback power reach-
ing 40 kW. Based on this power boundary, Figures 9 and 10 show the output power
of the battery and supercapacitor to compare the power distribution effects under the
three control strategies.

Supercapacitors are mainly responsible for dealing with high-frequency power fluc-
tuations. However, the output power of the supercapacitors shown varies significantly
under different control strategies. In Figure 10, we can conclude that the output power of
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the capacitor fluctuates frequently within the constraints under the RB strategy, while the
DP and OPT strategies can better control the power changes, allowing the supercapacitor
to mainly play the role of “peak shaving and valley filling”, serving as a buffer.

Figure 9. Comparison of battery output power under three control methods.

Figure 10. Comparison of supercapacitor output power under three control methods.

In terms of battery output power in Figure 9, the RB strategy has significant fluc-
tuations, while the DP strategy achieves the smoothest power output through global
optimization. The OPT strategy is similar to the DP in performance, with a much higher
smoothness than RB, and can limit the battery discharge rate within 1.5 C, providing
effective overload protection for it.

The economic advantage reported in Table 3 is directly attributable to the effective
power splitting strategy visualized in Figures 9 and 10. The OPT strategy, similar to DP,
smooths the battery power output and leverages the supercapacitor for high-frequency
dynamics. This not only reduces energy losses but also mitigates battery stress, contributing
to longer battery lifespan—an important benefit beyond the immediate energy consumption
metrics in Table 3. The rule-based strategy’s higher consumption is a direct consequence
of its inefficient power allocation, leading to increased battery current stress and higher
resistive losses.

In order to have a more intuitive comparison of the control effect, Figure 11 shows the
change in battery SOC and supercapacitor SOC. Figure 11b shows that all three strategies
can keep the supercapacitor SOC within a reasonable range of 0.4 to 0.8. In the initial stage,
all strategies prioritize the use of supercapacitors, causing their SOC to drop rapidly from
0.8 to 0.6; then, the battery begins to play a major role. The supercapacitor is prioritized
for charging in the braking stage. Under the RB strategy, the battery SOC continuously
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decreases slowly and reaches a final value, which is the lowest among the three, indicating
the highest battery energy consumption; the battery SOC curves of DP and OPT are very
similar, demonstrating a higher overall energy efficiency. The proposed control strategy not
only reduces energy losses but also mitigates battery stress, as evidenced by the smoother
battery power output shown in Figure 9 and the stable SOC profiles of both the battery and
supercapacitor shown in Figure 11.

 
(a) (b) 

Figure 11. Battery SOC and supercapacitor SOC comparison with three control strategies in CLTC_C.
(a) Battery SOC. (b) supercapacitor SOC.

Table 4 summarizes the battery terminal SOC and single-step calculation efficiency
data of the composite power system with the 2AMT structure under different operating
conditions. Taking the CLTC_C condition as an example, the battery terminal SOC obtained
with the OPT control strategy under the same transmission system is 0.74, which is very
close to the result of the DP strategy (0.75) and significantly better than the result of the
RB strategy (0.72), indicating that OPT has achieved nearly optimal results in energy
management. In terms of calculation time, the OPT strategy demonstrates significant
advantages, with its single-step calculation time being only 6.5 × 10−5 s, at the microsecond
level, which is comparable to the RB strategy (7.6 × 10−5 s). The proposed analytical
approach attains global optima via efficient matrix operations, significantly improving
computational efficiency, with an average calculation time per step on the order of 10−4 s.
This means that OPT outperforms the RB strategy in control effectiveness and does not
significantly increase the time cost. In contrast, the single-step calculation time of the DP
strategy is as long as 1.13 s, which fails to meet the response speed requirements of real-time
control systems. In vehicle energy management, the system usually needs to respond to
power demand at millisecond-level frequencies or even higher. Therefore, the DP strategy
is generally only used as an offline calculation performance benchmark and cannot be
directly applied to online control. The tests under the WLTC and NEDC conditions also
obtained similar conclusions.

Table 4. SOC performance and average calculation time under different control strategies.

Performance Control
Strategy CLTC_C WLTC NEDC

Battery terminal SOC (%)
OPT 74.23 73.35 76.47
DP 75.15 73.95 77.55
RB 72.34 71.68 74.88

Average calculation time per step (s)
OPT 6.65 × 10−4 5.68 × 10−4 5.59 × 10−4

DP 1.6 1.5 1.62
RB 4.35 × 10−4 3.73 × 10−4 4.52 × 10−4
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In summary, the optimization strategy (OPT) has a decisive advantage in calculation
efficiency. It not only overcomes the real-time application limitations of DP due to long
calculation times but also exceeds the performance of the RB strategy, achieving a good
balance between control quality and calculation efficiency. Combined with the conclu-
sion of Table 3, the combination configuration of the OPT control strategy for the 2AMT
transmission system is the optimal solution, taking into account both high efficiency and
engineering feasibility.

5. Conclusions
An adaptive real-time optimal control strategy for hybrid energy storage systems based

on convex optimization models is proposed, and an iterative analytical solution method is
developed, providing a theoretical basis for real-time control. The main contributions are
as follows:

1. Model and problem formulation: A mathematical model is established for an electric
vehicle equipped with a battery–supercapacitor hybrid energy storage system and
a two-speed automated manual transmission. With the economic efficiency of bat-
tery energy consumption as the optimization objective and gear shifting and power
allocation as control variables, a hierarchical optimization architecture is designed to
achieve real-time control.

2. Convex reformulation and efficient solution: Through variable substitution and func-
tion fitting, the original nonlinear optimization problem is transformed into a convex
quadratic programming model. This reformulation allows for the direct derivation of
an analytical solution for the optimal equivalent factors in power allocation. Com-
pared to traditional numerical methods that rely on iterations, the proposed analytical
approach attains global optima via efficient matrix operations, significantly improving
computational efficiency.

3. The proposed optimal control strategy successfully achieves the optimal balance be-
tween control optimality and real-time computing. It not only addresses the problem
of complex calculations, which prevent the dynamic programming strategy from be-
ing applied in real time, but also overcomes the limitations of the rule-based strategy,
such as its poor adaptability. After verification under various operating conditions, it
was found that compared with the rule-based method, battery energy consumption
can be reduced by more than 10%.
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