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Abstract: This paper proposes an economic adaptive cruise controller (EACC) that considers battery
aging characteristics based on adaptive model predictive control (AMPC). By establishing a battery
capacity decay model based on experimental data, the capacity loss during vehicle operation is
determined, and the parameters in the equivalent circuit model are updated according to the actual
capacity of the battery. The controller uses indicators that characterize driving safety, tracking
performance, comfort, and economy. The economic indicator is the decrease in the value of the battery
capacity. Fuzzy weight allocation is designed based on the host vehicle’s speed and the workshop’s
relative distance to adjust the weight between different indicators under different working conditions.
Additionally, the proposed controller is compared with other traditional controllers under different
working conditions, cycle times, and battery state of health (SOH). The simulation results indicate
that, under various battery SOH conditions, the performance of the controller which considers
battery capacity degradation characteristics is better than that of traditional controllers. Moreover,
the fixed-weight controller performs better when following a vehicle at medium and low speeds.
Finally, the proposed strategy was validated through hardware-in-the-loop testing, demonstrating its
ability to meet the real-time requirements of the system.

Keywords: electric vehicles; battery life; adaptive cruise control; adaptive model predictive control;
fuzzy control

1. Introduction

With the continuous development of the automotive industry, after consumers’ daily
travel needs have been satisfied they pay more attention to the driving performance of
cars [1]. Today, autonomous driving has become the focus of attention [2]. In order to realize
this function, the body of development work carried out by the automotive industry has
gradually shifted from fuel vehicles to new energy vehicles, and electrified and intelligent
electric vehicles stand out as the main research goal at present [3]. The adaptive cruise
control (ACC) system is one of the advanced driver assistance systems. As a key step
in achieving autonomous vehicle driving [4], it can not only reduce the probability of
accidents caused by driver misuse [5] and improve driving safety, but also design driving
strategies that match the road conditions at any given time [6]. ACC-equipped vehicles
use on-board sensors to understand the position and speed of surrounding vehicles and
to adjust the vehicle’s driving patterns, improving passenger comfort and battery energy
utilization while ensuring safety.

In order to realize the function of vehicle ACC, there have been many studies on
adaptive cruise control. In terms of control methods, Lee et al. [7] used proportional integral
differential (PID) control methods to determine the opening of the vehicle’s accelerator
pedal or brake pedal to achieve longitudinal tracking of the vehicle. However, due to the
characteristics of PID, overshoot of the controller is inevitable. To minimize overshoot,
Prabhakar et al. [8] designed a fuzzy PD plus I controller that avoids integral saturation
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problems and suppresses differential shocks in cruise control, showing better performance
than traditional PID controllers. Ganji et al. [9] designed the sliding surface based on the
measurable and differentiable parameters of the vehicle to achieve cruise control of hybrid
vehicles and to improve the driving stability of the vehicle. In addition, since the sliding
mode control has high-frequency jitter near the designed sliding mode surface [10], Guo
et al. [11] used adaptive fuzzy control to approximate switching control items to achieve
the effect of reducing jitter and improving ride comfort. After the tracking between the
two vehicles was basically realized, and in order to meet the expectations of passengers in
pursuit of a better driving experience, the development of ACC showed a trend towards
multi-objective coordinated optimization. As a result, model predictive control (MPC)
gradually received attention in the field of adaptive cruise control.

Based on the MPC controller, Wu et al. [12] defined the cost function for traceability
and the rate of change in the control variable, and determined the optimal acceleration
curve of the vehicle. After achieving tracking between vehicles, Wang et al. [13] constrained
acceleration and jerk to ensure comfort while driving. After realizing the function of basic
ACC, the control effect of the vehicle gradually became focused on improving driving
economy. Jia et al. [14] added energy consumption during driving to the cost function of
MPC, and designed an economical controller by controlling the acceleration of the vehicle.
Pan et al. [15] introduced electric machine energy consumption as an economic evaluation
index, designed a nonlinear MPC controller, and verified the real-time performance of
the algorithm through hardware-in-the-loop experiments. Samani et al. [16] designed a
variable weight cost function by using a fuzzy controller and implemented vehicle tracking
using NMPC. Since electric vehicles have a braking capability recovery process, although
the above controllers can make full use of energy recovery during driving to reduce energy
consumption, the current flowing through the battery also affects the life of the battery. Due
to the high cost of lithium-ion batteries, the decline in battery capacity indirectly affects the
economics of electric vehicles [17]. Therefore, it is especially important to slow down the
capacity decay of the battery while driving.

Charge–discharge behavior, usable capacity, and resistance are the most common
parameters used to describe the capacity decay of lithium-ion batteries [18]. Studies have
shown that battery degradation is related to factors such as temperature [19], charge–
discharge rate [20], depth of discharge [21], and charge-off voltage [22,23]. Based on these
parameters affecting battery degradation, Wang et al. [24] studied the capacity decay
process of LiFePO4 batteries and proposed a semi-empirical model based on experimental
data on battery capacity loss. Tang et al. [25] introduced Ah throughput, a quantitative
indicator related to battery life, to measure fuel economy and battery aging in hybrid
electric vehicles and extend battery life without affecting vehicle driving performance.
Zhuang et al. [26] established a cost function combining energy loss and capacity drop, and
used dynamic programming to obtain the optimal torque curve for vehicles traveling on
ramping roads. From a careful analysis of the above studies, it can be found that some
researchers optimize vehicle acceleration [27] or motor torque [28] by considering energy
consumption when developing electric vehicle driving strategies, but ignore the effect of
battery capacity reduction during driving. Some researchers have studied battery capacity
degradation, taking into account battery degradation caused by driving on slopes [29], or
optimizing to reduce costs incurred during driving [30]. Although research into saving
battery energy and extending battery life is receiving increasing attention, according to the
results of the study cited in reference [31] this topic has not yet been fully researched. Saadi
et al. optimized energy consumption and battery life by planning vehicle speed in a car-
following mode [32]. Althoff et al. improved driving economy and reduced battery aging
rates by restricting battery current and torque [33], but they lacked a direct description and
quantitative model of the battery capacity decay rate. This paper explores the performance
of light-duty electric vehicles in practical use by studying battery consumption during
the driving process in the car-following mode, and establishes a semi-empirical model for
battery aging which considers the effect of battery capacity degradation characteristics. In
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addition, this paper also designs an AMPC controller that considers the safety, comfort,
following, and economic aspects of vehicle driving to determine the driving strategy of
the vehicle. Therefore, the research in this paper has important practical application value
for extending battery life, improving the energy utilization efficiency of light-duty electric
vehicles, and optimizing their driving range.

2. System Dynamics Modeling

In this study, an electric vehicle is a pure electric vehicle driven centrally by a single
electric machine. This section mainly introduces the dynamic model of light-duty electric
vehicles, including the longitudinal dynamic model, the electric machine efficiency model
and the battery model, among which the battery model includes the energy loss model and
the battery capacity decay model.

2.1. Longitudinal Dynamic Model

A vehicle longitudinal dynamics model is established with the aim of studying the
motion characteristics of the vehicle and the factors influencing it when traveling in a
longitudinal direction (i.e., forward and backward). The model can describe the variation
laws of parameters such as the acceleration, velocity, traction force, and braking force
of the vehicle under different operating conditions, providing a basis for vehicle control,
optimization design, and evaluation. A longitudinal dynamics model can be established
based on the force balance equation of driving force and resistance, as shown below [33]:

Ft = Ff + Fw + Fj = mg f +
1
2

CD Aρv2 + δm
dv
dt

(1)

where Ft is the driving force; Ff is the rolling resistance; Fw is the air resistance; Fj is the
acceleration resistance; m is the vehicle mass; f is the rolling resistance coefficient; CD is the
air resistance coefficient; A is the EV frontal area; ρ is the air density; v (m/s) is the speed of
the vehicle; and δ is the vehicle rotating mass conversion factor.

2.2. Electric Machine Efficiency Model

The driving or braking torque required by the vehicle when driving is provided by
the electric machine. When the vehicle machine drives the vehicle forward or backward in
the discharge state, the electrical energy is converted into mechanical energy, showing the
characteristics of the electric machine. When the vehicle is depressing the brake pedal, the
mechanical energy is converted into electrical energy, showing generator characteristics.
In these two states, the output torque, speed, and power of the electric machine can be
expressed as follows [3]: 

Tm = Ft ·r
ηm·i

nm = 30·i
π·r v

Pm = Tm ·nm
9550ηm

(Tm > 0)
Pm = Tm ·nm

9550 ηm(Tm ≤ 0)
η = Pm

Pbat

(2)

where Tm is the output torque of the electric machine; i is the product of the transmission
ratio of the gearbox and the main reducer; ηm is the efficiency of the transmission system;
nm is the electric machine speed; r is the wheel radius; Pm is the electric machine power;
and η is the efficiency of the inverter.

The basic parameters of light-duty electric vehicles are shown in Table 1.
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Table 1. Simulation parameters.

Parameters (Unit) Value Parameters (Unit) Value

m (kg) 775 g 9.8
A (m2) 2.04 f 0.0112
r (m) 0.252 CD 0.25
δ 1 ρ 1.18
η 0.95 i 6.515

ηm 0.95

If we know the electric machine torque and speed at any given moment, the efficiency
of the electric machine at this time can be obtained by interpolation in accordance with the
electric machine efficiency diagram. The electric machine efficiency diagram is shown in
Figure 1.
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Figure 1. Efficiency map of the electrical machine.

2.3. Battery Model

Batteries are the energy source for electric vehicles. Accurately obtaining the SOC and
SOH of the battery can lead to better performance, improve energy utilization, and extend
the service life of the battery.

2.3.1. Energy Loss Model

An accurate battery model is conducive to better battery management which allows
full use to be made of the battery’s performance. In accordance with the model mechanism,
battery models can be divided into: electrochemical models, equivalent circuit models,
neural network models and so on [34]. The model established according to the chemical re-
action mechanism of the battery is called the electrochemical model, and this can accurately
simulate the main characteristics of the battery. However, this model is complicated and
has too many parameters, meaning it is difficult to calculate and is not suitable for control
design [35]. The neural network model simulates the state change of the battery through
the training and self-learning of the internal parameter data, but it requires a large volume
of calculations and a long processing time [36]. The equivalent circuit model simplifies
the reaction mechanism of the battery, reduces the number of calculations required for
the model, and can reflect the battery mechanism. It is the current mainstream battery
model [37].
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In summary, to meet control requirements, an equivalent circuit model is adopted
in this article. In references [11,38], the Rint model is used to account for the dynamic
energy consumption of the batteries, and the verification results show that the model
is accurate [4]. The Rint model has few parameters, which allows for faster controller
calculations, as shown in Figure 2.
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According to the Rint circuit model, the output power and output voltage of the
battery are expressed as Formula (3):{

Pbat = Ibat · Ut
Ut = OCV − IbatR0

(3)

where Pbat is the power of the battery; Ibat is the output current of the battery; Ut is the
output voltage of the battery; OCV is the open circuit voltage of the battery, which changes
with the SOC of the battery; and R0 is the ohmic resistance of the battery.

In this study, the Lishen 20 AH lithium iron phosphate battery produced by a company
was selected as the experimental object, and some of its specific parameters are shown
in Table 2. The experimental equipment was a 5 V–20 A range battery test cabinet from
Ningbo Baite Measurement and Control Co., Ltd. (Ningbo, China), a LW-150 high- and
low-temperature test box from Shanghai Haixiang Instrument and Equipment Co., Ltd.
(Shanghai, China), and a host computer. The battery test system shown in Figure 3 consisted
of a thermostat used to set the test environment temperature for the battery, an upper
computer used to design the test conditions for the battery and record the charge and
discharge data of the battery, and a battery testing box used to test the battery according to
the set charging and discharging conditions.

Table 2. Battery parameters.

Parameters (Unit) Value Parameters (Unit) Value

Rated voltage Vcell (V) 3.2 Charging voltage (V) 3.65 ± 0.05
Rated Capacity Qini (Ah) 20 Cut-off resistance R0,EOL (Ω) 0.0107

Initial resistance R0,new (Ω) 0.0063 Operating temperature (◦C) −20~45
Number of batteries in series 45 Number of parallel batteries 6

The experimental results show that the OCV-SOC data of the battery can be fitted to a
curve, as shown in Figure 4.
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The SOC of the battery is calculated by the ampere-hour method, which is expressed
as Formula (4):

SOC = SOCini −
1

Qnow

∫ t

0
ηb Ibatdt (4)

where SOCini is the initial value of the battery; Qnow is the current capacity of the battery;
and ηb is the efficiency of the battery.

2.3.2. Battery Capacity Decay Model

At present, many scholars have found through experiments that a battery’s charge–
discharge rate, temperature, and discharge depth are the main reasons for the battery’s
capacity decline [39]. Therefore, this study uses a semi-empirical model based on experi-
mental data to estimate the battery’s capacity decay. The evaluation index is expressed as
Formula (5): {

Qloss = A · exp(− Ea+B·Crate
R·T ) · Ahz

Ah = 2 × Ncyc × DOD × Qcell
(5)

where Qloss is the battery capacity loss; A, B and z are the parameters to be fitted; Ea is the
activation energy(J·mol−1), take Ea = 31,700; R is the gas constant, take R = 8.314; T is the



Appl. Sci. 2023, 13, 4553 7 of 24

working ambient temperature of the battery in K; Ah is the accumulated current flow of
the battery; DOD is the depth of discharge; and Qcell is the capacity of the battery.

In this paper, we defined the SOH of the battery based on its capacity and, in accor-
dance with the capacity decay of the battery, we obtained the current SOH and actual
available capacity of the battery through Formula (6):{

SOH =Qnow−QEOL
Qnew−QEOL

Qnow = (1 − Qloss)× Qini
(6)

Xia et al. [40] pointed out that there is a linear relationship between battery capacity
decline and battery internal resistance, which is expressed as:

Qloss = k · R0,now + b (7)

where R0,now is the ohmic resistance value of the current battery. Substituting Formula (7)
into Formula (6), we can obtain:

Qnow − QEOL

Qnew − QEOL
=

Qloss,EOL − Qloss,now

Qloss,EOL − Qloss,new
(8)

where QEOL is the capacity of the battery to reach the EOL state; Qnew is the capacity of the
new battery; and Qnow is the current capacity of the battery. Substituting Formula (7) into
Formula (8), we can obtain:

Qnow − QEOL
Qnew − QEOL

=
R0,EOL − R0,now

R0,EOL − R0,new
(9)

where R0,EOL is the resistance value of the battery at the end of life (EOL) and R0,new is the
internal resistance of the new battery. By transforming Formula (9), the internal resistance
in the battery model is expressed as:

R0,now = R0,EOL −
Qnow − QEOL
Qnew − QEOL

(R0,EOL − R0,new) (10)

Based on the derivation analysis of the above formula, we obtained the relationship
between battery capacity and internal resistance in the equivalent circuit model. Next,
the lithium-ion battery was subjected to charging and discharging experiments under
different test conditions to obtain the battery capacity degradation curve. As the number of
charge and discharge cycles increased, the Ah passing through the battery also gradually
increased. The relationship between the Ah passing through the battery and the battery
capacity degradation rate is shown in Figure 5. The battery was tested at different DODs and
ambient temperatures. The capacity measured at different temperatures was compensated
by a compensation coefficient, and the battery capacity equivalent to 25 ◦C was obtained.
Then, the experimental results were curve-fitted, and the fitting parameters were A = 53.86,
B = −9.868, and z = 0.6749.
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3. Adaptive Cruise Controller Design
3.1. MPC Controller Design

Based on the state between vehicles as shown in Figure 6, this study establishes a
cost function that can reflect tracking comfort and economy, and which blurs the weight
coefficient between the performances in accordance with different driving conditions to
determine optimal acceleration.
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Figure 6. Vehicle-following scenario.

3.1.1. State Space Equation

In this study, the acceleration of the vehicle was used as the control quantity, and
the state variables between vehicles in the following state were established. The relative
distance and relative velocity were expressed as Formula (11):{

xrel = xl − x f
vrel = vl − v f

(11)

where xrel is the relative distance between the two vehicles; xl is the displacement of the
leading vehicle; xf is the displacement of the following vehicle; vrel is the relative speed; vl
is the speed of the leading vehicle; and vf is the speed of the following vehicle.

Considering the distance between the two vehicles and the relative speed, we defined
the state variables X(k) and output Y(k) for the subsequent calculation of MPC:

X(k) = [xrel(k), vrel(k), v f (k), a(k), j(k)]T

Y(k) = [xrel(k), vrel(k), a(k), j(k)]T

Y(k) = DX(k)
(12)

where, a(k) is the acceleration of the host vehicle at time k; j(k) is the jerk of the host vehicle

at time k; and D =


1 0 0 0 0
0 1 0 0 0
0 0 0 1 0
0 0 0 0 1

.
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We set up a constant headway strategy to arrive at the desired distance:

xdes = v f · τt + d0 (13)

where xdes is the desired distance between vehicles; τt is the constant time interval; and d0
is the minimum safe distance.

Due to the inertial and nonlinear nature of the vehicle’s drivetrain, there is a certain
delay in the actual acceleration of the vehicle when following the desired acceleration.
Therefore, a first-order inertial linkage was used in the design to represent the actual
transmission characteristics [15], as shown in Formula (14):

a =
1

τs + 1
ades (14)

where ades is the desired acceleration and τ is the inertial link time constant.
Establishing a state space model between two vehicles and discretizing it, we arrived

at: 
xrel(k + 1) = xrel(k) + vrel(k) · ts
vrel(k + 1) = [al(k)− a f (k)] · ts + vrel(k)
v(k + 1) = v(k) + a(k) · ts
a(k + 1) = (1 − ts

τ )a(k) + ts
τ ades(k)

j(k + 1) = − 1
τ a(k) + 1

τ ades(k)

(15)

Converting Formula (15) into matrix form, we arrived at: X(k + 1) = AX(k) + Bu(k) +
Cal(k), which is expressed as Formula (16):

xrel(k + 1)
vrel(k + 1)
v(k + 1)
a(k + 1)
j(k + 1)

 =


1 ts 0 0 0
0 1 0 −ts 0
0 0 1 ts 0
0 0 0 − ts

τ 0
0 0 0 − 1

τ 0




xrel(k)
vrel(k)
v(k)
a(k)
j(k)

+


0
0
0
ts
τ
1
τ

u(k) +


0
ts
0
0
0

al(k) (16)

where ts is the sampling time; u(k) is the control variable at time k; and al(k) is the disturbance
at time k. This is the acceleration of the preceding vehicle.

Therefore, Xk under the prediction step N can be expressed as Formula (17):

Xk = M1x(k) + M2Uk + M3alk (17)

where Xk =


X(k)

X(k + 1)
...

X(k + N − 1)
X(k + N)

; Uk =


U(k)

U(k + 1)
...

U(k + N − 1)

; alk =


ap(k)

ap(k + 1)
...

ap(k + N − 1)

;

M1 =


I
A
...

AN−1

AN

; M2 =


0 0 · · · 0
B 0 · · · 0

AB B · · · 0
...

... . . .
...

AN−1B AN−2B · · · B

; M3 =


0 0 · · · 0
C 0 · · · 0

AC C · · · 0
...

... . . .
...

AN−1C AN−2C · · · C
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According to Y(k) = DX(k), it can be concluded that Yk under the prediction step N
can be expressed as Formula (18):

Yk =


Y(k)

Y(k + 1)
...

Y(k + N − 1)
Y(k + N)

 = L1Xk + L2Uk + L3al k (18)

where L1 =


D

DA
...

DAN−1

DAN

; L2 =


0 0 · · · 0

DB 0 · · · 0
DAB DB · · · 0

...
... . . .

...
DAN−1B DAN−2B · · · DB

;

L3 =


0 0 · · · 0

DC 0 · · · 0
DAC DC · · · 0

...
... . . .

...
DAN−1C DAN−2C · · · DC

.

3.1.2. Definition of Cost Function

Personnel safety is the most important part of the driving process of the vehicle. The
main vehicle and the vehicle in front should always maintain a safe distance, that is, it must
be ensured that xrel > d0 is always established.

The tracking performance is mainly reflected in the relative distance and relative speed
of the two vehicles while driving. In order to improve the tracking performance of the
vehicle while driving, the cost function of tracking performance was defined:

Jtracking =
N

∑
i=1

[
(

xrel(k + i)− xre f (k + i)
)2

+
(

vrel(k + i)− vre f (k + i)
)2

] (19)

Comfort is mainly a reflection of the impact on passengers when the vehicle accelerates
or brakes. In order to improve the riding comfort of passengers, the cost function of comfort
was defined and constraints were set with the goal of reducing acceleration and jerk during
driving:

Jcom f ort =
N
∑

i=1
[a2(k + i) + j2(k + i)]{

amin < a(k) < amax
jmin < j(k) < jmax

(20)

The decay characteristic of the battery is reflected in the reduction in available capacity.
The Qloss described above can objectively evaluate the decay of the battery, and define the
cost function:

Jloss =
N

∑
i=1

Qloss(i) (21)

Combining the above cost functions, the cost function of the entire control process
was obtained:

J = ω1 · Jtracking + ω2 · Jcom f ort + ω3 · Jloss (22)

whereω1,ω2,ω3 represent the weights of tracking, comfort, and battery capacity degrada-
tion characteristics, respectively.
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In order to improve computational efficiency, we simplified the cost function. First of

all, we took J1 = ω1·Jtracking + ω2·Jcomfort, and arrived at J1=
N
∑

i=1

[
Y(k + i)− Yre f (k + i)

]T

Q
[
Y(k + i)− Yre f (k + i)

]
, so J1 = (Yk − Yref)TQ(Yk − Yref), where Q is the weight matrix.

Yref = [xdes, 0, 0, 0]T indicates that the expected value of the relative distance is the expected
distance and the relative speed, and the absolute value of the acceleration of the main
vehicle and the shock degree during the driving process are at their smallest. We took
L1·x(k) + L3·alk = E and combined Formula (18) to arrive at Yk − Yref = E + L2·Uk − Yref, so
J1 can be transformed into Formula (23):

J1 =
(

E + L2Uk − Yre f

)T
Q
(

E + L2Uk − Yre f

)
= ETQE + 2ETQL2Uk

−2ETQYre f − 2Yre f
TQL2Uk + Uk

T L2
TQL2Uk + Yre f

TQYre f

(23)

By eliminating polynomials that have no effect on the control outcome, a new cost
function J1

* for integrated tracking and comfort can be obtained, as shown in Formula (24):

J∗1 = 2
(

ETQL2 − Yre f
TQL2

)
Uk + Uk

T L2
TQL2Uk (24)

When setting weights in traditional MPC controllers, the cost function is often designed
with fixed weights which cannot consider the performance requirements of the vehicle
under different driving conditions. Therefore, this study designed a variable weight cost
function.

3.1.3. Design of Fuzzy Weight

As an intelligent algorithm, fuzzy control is robust and can provide solutions for
nonlinear time-varying systems and systems that are difficult to model. In addition, since
the fuzzy rules can be changed at any time, it has good adaptability to the system [41].
Therefore, this study used a fuzzy control algorithm to optimize the weights. Taking the
distance error (the difference between the actual distance and the expected distance) and
the main vehicle speed as input, and taking the economic weight as the output, the main
vehicle speed domain was set to [0, 140] m/s and the relative distance domain was set to
[−5, 5] m. The main vehicle speed was divided into three types according to speed value,
and the corresponding logical language was {S, M, B}. The distance error was divided into
7 types according to error value, and the corresponding logical language was {NB, NM, NS,
Z, PS, PM, PB}. To fuzzy the economic weights, the logical language was {S, MS, M, MB, B},
and the range of variation was [0, 20]. Both the input variables derr and vf, and the output
variableω3, used trigonometric membership functions, as shown in Figure 7. Through the
analysis of traffic scenarios, it was found that when the speed is low, attention should be
paid to following the driving to ensure safety, and the weight given to economic factors
should be small. When the speed is high, the demand for tracking is reduced due to the
long distance between vehicles, the focus is on economical driving, and the weight given
to economy should be increased. The specific fuzzy rules are shown in Table 3. Since the
barycenter method is intuitive, reasonable, simple, and accurate in control, the barycenter
method was selected to deblur. The corresponding input and output results were obtained
in accordance with the fuzzy rules, and the economic weight coefficient surface solved is
shown in Figure 8.
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Table 3. Fuzzy rules design.

Economic Weight ω3 [0, 20]
derr = drel − ddes

NB NM NS Z PS PM PB

vf
S [0, 40]

M [40, 100]
B [100, 140]

S S MS MS M M MS
S MB MS MB B M MS

MS M MB B B MB MS
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3.1.4. Solving Optimization Problems

Based on Formulas (22) and (24), the optimization problem that MPC needs to solve
each time is shown in Formula (25):

min
Uk

(J∗1 + Jloss)

s.t.


xrel(k) > d0
SOCmin < SOC(k) < SOCmax
amin < a < amax
jmin < j < jmax

(25)
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4. Performance Analysis

Based on the MATLAB platform, the acceleration curve of the electric vehicles was
optimized by using the AMPC algorithm, and was compared with PID, SMC, MPC1 and
MPC2 controllers, where the MPC1 controller does not consider the battery degradation
characteristics, and the MPC2 controller considers the battery degradation characteristics
and designs the cost function with fixed weights. The preset parameters of the controller
are shown in Tables 4 and 5, and the ambient temperature for battery operation was set to
maintain 25 degrees Celsius.

Table 4. Parameters in PID, SMC, MPC1 controllers.

Parameters (Unit) Value Parameters (Unit) Value

Prediction horizon N 20 Time headway (s) 1.5
Sampling time ts (s) 0.05 Minimum safe distance d0 (m) 4

Minimum acceleration (m/s2) −5 Maximum acceleration (m/s2) 3
Minimum jerk (m/s3) −2.5 Maximum jerk (m/s3) 2.5

Tracking weight parameterω1 1 Comfort weight parameterω2 0.1

Table 5. Economic weight parameters of MPC2.

Parameters (Unit) Condition Value

Economic weight parameterω3
ν < 40 km/h 5

ν ≥ 40 km/h 10

4.1. Safety and Comfort Analysis

The simulation conditions were set to the WLTC (Worldwide Harmonized Light Duty
Test Cycle), which includes a series of operations such as acceleration, deceleration, constant
speed driving, emergency braking, etc., to simulate the real driving conditions in the city.
This working condition does not consider the impact of road slope, and the total cycle time
is 1800 s. When driving under WLTC conditions, the minimum inter-vehicle distance under
the action of each controller is shown in Table 6.

Table 6. Minimum distance between two vehicles under the action of each controller.

Controller Minimum Inter-Vehicle Distance (m)

PID 5.0000
SMC 5.0333

MPC1 5.0021
MPC2 4.8735
AMPC 4.8679

The minimum distance between two vehicles usually occurs when the preceding
vehicle brakes to speed 0, and the host vehicle slows down in the process. It can be seen
from Table 6 that each controller can meet the preset safety distance, thus ensuring the safety
of the driving process. The PID controller has the best followability; however, superior
followability is accompanied by a drastic change in torque, and this will reduce energy
utilization and lead to a decline in battery life.

At the initial moment, the vehicle in front was set to 8 m away from the host vehicle.
Figure 9 shows the acceleration and impact of the vehicle under the action of each controller
under the WLTC driving conditions. We defined passenger comfort as being guaranteed
when the jerk is kept at (−2.5, 2.5). From Figure 9, it can be seen that, apart from the SMC
controller which is out of range at the beginning of the simulation phase, the controllers
meet the comfort requirements.
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Figure 9. The acceleration and jerk of the host vehicle under each controller, (a) acceleration,(b) jerk.

4.2. Tracking and Economic Analysis

In the initial phase of the simulation, the vehicle was set 8 m in front of the host
vehicle, and the SOH of the battery was set to 1. Figure 10 shows a comparison between the
expected and actual distances between the two vehicles with the PID, SMC, MPC1, MPC2,
and AMPC controllers, respectively. It can be found that under the PID, SMC and MPC1
controllers, both vehicles show better tracking ability. Excellent tracking performance is
accompanied by frequent changes in electric machine torque and battery current, resulting
in increased energy consumption and shorter service life. Therefore, for this paper, we
designed economic indicators and variable weight coefficients to ensure low-speed tracking
while considering the economy of high-speed following. As shown in Figure 10, a controller
that takes the aging characteristics of the battery into account will exceed the expected
distance during the high-speed driving phase. However, when the vehicle is driving at
a high speed, the larger following distance can ensure that when the car in front brakes
suddenly, the main car has enough distance to brake, ensuring safety. Figure 11 shows the
tracking speed curves with the PID, SMC, MPC1, MPC2 and AMPC controllers. As can be
seen from Figure 11, in the low-speed section, due to the small economic weight, the effect
of each controller is similar. In the medium-speed section, due to the increase in speed,
the economic weight is gradually increased and the MPC2 and AMPC controllers, which
consider the aging characteristics of the battery, are slower than the other controllers. This
reduces the output of electric machine torque while ensuring acceleration and following
driving, which is conducive to improving driving economy. In the high-speed segment, the
AMPC controller is more effective.

Figure 12 shows the current curve of the battery cells when the main vehicle was
driving under the action of each controller. At low speeds, the current of the battery under
the action of the MPC2 and AMPC controllers was smaller than under the rest of the
controllers. In the medium- and high-speed section, it can be seen from the current curve
that the vehicle will adopt an acceleration-coasting method to reduce the continuous output
of battery current during driving and to improve driving economy.
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Figure 13a shows the capacity attenuation curve of the battery under each control, and
Figure 13b shows the SOC decline curve, the specific value of which is shown in Table 7.
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Table 7. Capacity loss value and SOC of battery under each controller after the WLTC (SOHini = 1).

Controller PID SMC MPC1 MPC2 AMPC

Qloss (‱) 3.8063 3.6463 3.1877 3.0822 3.0835
SOC 0.6295 0.6364 0.6789 0.6841 0.6846

Since the MPC controller can optimize multiple targets during driving, that is it can
limit the acceleration and jerk of the host vehicle, it can be seen from Table 6 that the
decline rate of battery capacity under the MPC controller is better mitigated compared to
under the PID and SMC controllers. Compared to the MPC1, MPC2 and AMPC controllers,
controllers that consider battery degradation characteristics further reduce battery capacity
degradation. Compared with the PID, SMC, MPC1 and MPC2 controllers, the battery
capacity attenuation was reduced by 18.99%, 15.43%, 3.27% and −0.04%, respectively,
and the battery energy consumption was reduced by 32.32%, 29.46%, 4.71% and 0.43%,
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respectively, indicating that under the condition of battery SOH = 1, the AMPC controller
can more effectively improve the energy utilization of the battery, while the MPC2 controller
will improve the service life more effectively. This shows that the control method that
optimizes energy consumption is not necessarily optimal for life improvement.

In order to further verify that the battery attenuation characteristic controller proposed
in this study is still effective after battery degradation, the battery SOH was set to 0.9
for verification. Figure 14 shows the battery capacity attenuation curve and the SOC
degradation curve for each controller, as shown in Table 8.
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Figure 14. Under WLTC working conditions, the battery (SOHini = 0.9) parameters under the action
of each controller: (a) battery capacity loss (b) SOC.

Table 8. Capacity loss value and SOC of battery under each controller after the WLTC (SOHini = 0.9).

Controller PID SMC MPC1 MPC2 AMPC

Qloss (‱) 3.8390 3.6642 3.2015 3.0984 3.0967
SOC 0.6295 0.6157 0.6643 0.6700 0.6846

As the battery’s state of health decreases, the resistance in the battery model increases,
the battery current demand increases significantly when the vehicle is driving at high
speeds, and the AMPC controller is more effective in reducing energy consumption and
extending service life.

In order to verify the adaptability of the method to working conditions, the per-
formance of the battery controller under different SOH conditions, different working
conditions and different cycle times of working conditions was compared. Figure 15 shows
the battery capacity degradation curve and the SOC reduction curve under the action
of each controller when the vehicle is driving under 5 WLTCs. It can be seen that the
controller which takes battery aging characteristics into account performs better, and after
the simulation, the battery still has a certain amount of power, while the PID and SMC
controllers ran out of power during the simulation. In Table 7, it can be seen that when
the battery SOH = 1, the MPC2 controller performs better than the AMPC controller in
extending battery life, and with the increase in simulation time, the high-speed driving time
also increases. Within this range, the increase in the economic weight in the cost function
of the AMPC controller can make economic adjustments to the driving state, as shown in
Figure 15a. In the simulation process, when driving in the high-speed range, the effect of
the AMPC controller on life optimization was better than that of the MPC2 controller. This
slows down the rise rate of Qloss.
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Figure 15. Under 5 WLTCs, the battery parameters under the action of each controller: when SOH = 1,
(a) battery capacity loss (c) SOC. When SOH = 0.9, (b) battery capacity loss (d) SOC.

Next, the UDDS working conditions were simulated and verified, and Figure 16 shows
the Qloss and SOC changes in the battery under different SOH conditions. Figure 16a
shows that, under the action of the AMPC controller, the vehicle driving adopts the
acceleration-coasting method, which can slow down the capacity decline process of the
battery. Figure 16b shows the change in battery SOC, and it can be seen that the controller
which considers the aging characteristics of the battery can effectively reduce energy
consumption. The specific values are shown in Table 9.
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Figure 16. Under UDDS working conditions, the battery (SOHini = 1) parameters under the action of
each controller: (a) battery capacity loss (b) SOC.

Table 9. Capacity loss value and the SOC of the battery under each controller after UDDS cycle
(SOHini = 1).

Controller PID SMC MPC1 MPC2 AMPC

Qloss (‱) 1.9921 1.8604 1.8418 1.7978 1.7940
SOC 0.7431 0.7470 0.7545 0.7562 0.7566
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Figure 17 shows the battery capacity degradation curve and SOC reduction curve
when the vehicle is driving under 10 UDDS cycles, showing that the AMPC controller
performs better in terms of energy savings and life optimization.
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Figure 17. Under 10 UDDS cycles, the battery parameters under the action of each controller: when
SOH = 1, (a) battery capacity loss (c) SOC. When SOH = 0.9, (b) battery capacity loss (d) SOC.

Finally, the NEDC working conditions were simulated and compared. The battery
parameter changes are shown in Figure 18. Figure 18a shows that under the NEDC working
conditions, the MPC2 controller has advantages in life optimization and energy consump-
tion as most of the NEDC working conditions are medium- and low-speed conditions, and
the economic coefficient of the fixed weight controller is higher than the variable weight
coefficient, which can effectively improve the battery energy utilization rate after ensuring
the safety and comfort of driving. Moreover, controllers that consider the decay of battery
capacity have significantly improved energy consumption and life optimization compared
to other controllers, and the specific values are shown in Table 10.

Figure 19 shows the battery capacity degradation curve and the SOC degradation
curve when the vehicle is driven under 10 NEDCs. The MPC2 controller outperforms the
AMPC controller with the same results as a single NEDC, which can effectively mitigate
the degradation of battery capacity.

Based on the above result analysis, when the vehicle is driving under high-speed
complex working conditions, such as WLTC working conditions, and with a new battery
(SOH = 1), when optimizing the battery life is the goal, the fixed weight controller MPC2 is
more effective. When the battery declines, the variable weight controller AMPC performs
better. When the vehicle is driven in medium or low speed conditions, such as NEDC and
UDDS standard working conditions, the fixed weight controller MPC2 performs better.
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Table 10. Capacity loss value and SOC of the battery under each controller after the NEDC
(SOHini = 1).

Controller PID SMC MPC1 MPC2 AMPC

Qloss(‱) 1.9921 1.8604 1.8418 1.7978 1.7940
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4.3. HIL Test Implementation

In order to ensure the effectiveness of the proposed strategy, hardware-in-the-loop
testing was conducted in addition to software simulation. The HIL platform constructed in
this study included ECU rapid prototyping based on D2P and a NI real-time simulation
cabinet, as shown in Figure 20. The rapid prototyping based on MotoHawk included the
modeling and code generation of the controller, and code flashing and debugging based on
MotoTune. Information interaction was achieved through CAN communication with the NI
real-time simulation cabinet. The hardware contained in the NI real-time simulation cabinet
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included a PXI chassis PXIe-1065, a real-time controller PXIe-8135, a digital input/output
board PXI 7811R, an analog input board PXI-6224, an analog output board PXI-6224, two
CAN bus board cards, and a fault injection board PXI 2510. The single WLTC was designed
as the test condition, and the battery’s (SOH) was set to 1. The simulation results of the
HIL are shown in Figures 21 and 22. As shown in Figure 21, the vehicle speed obtained
in HIL was roughly the same as the speed used for model validation. However, there
were overshoot and lag phenomena at certain times, indicating that the response speed of
the controller and the communication on the CAN bus had some impact on the proposed
algorithm. The battery capacity degradation values for model-in-the-loop and hardware-
in-the-loop testing are shown in Figure 22. Compared with the results of model-in-the-loop
testing, the Qloss of hardware-in-the-loop testing is 0.688‰ higher. Overall, from the
vehicle speed tracking and Qloss reduction curves, it can be seen that the proposed control
algorithm has good real-time performance and can meet the requirements of the system.
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5. Conclusions

In this paper, a control method that considers the decay characteristics of battery
capacity during tracking is proposed, aiming to extend the service life of the battery.
First a model that can simulate the dynamics of the vehicle system was built, and then
performance indicators that can characterize the driving state, such as comfort, tracking,
and economy, were designed. The capacity decay model of the battery was established
through experimental data, and the battery model was updated accordingly. Then the MPC
controller was designed, the cost function was composed by weights and performance
indicators, and the weight was designed by fuzzy control. Finally, the performance of the
control method proposed in this study and the traditional controller at different battery
SOH, different working conditions and different cycle times was verified by simulation.
After the results were analyzed, it was seen that the follow-up control method which is
proposed in this paper, and which considers the aging characteristics of the battery, can
effectively optimize battery service life compared with traditional control methods. The
proposed method was validated through hardware-in-the-loop testing and can meet the
real-time requirements of the system. In future work, real road condition information will
be collected to increase road realism, and controller switching logic will be added to achieve
optimal control under different working conditions.
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