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Abstract: To enhance the efficiency of braking energy recovery in distributed electric vehicles, this study investigates
the impact of vehicle velocity prediction on braking performance. A regenerative braking control strategy that incorpor-
ates vehicle velocity prediction is proposed. Initially, a vehicle velocity prediction model is developed using a back-
propagation neural network, which is trained under various operational conditions, and its validity is confirmed through
testing. Subsequently, a braking control strategy that integrates vehicle velocity prediction is formulated based on a
parallel braking control approach to optimize braking energy recovery. Finally, simulations of the proposed control
strategy are conducted and compared with a strategy that does not utilize velocity prediction, under both joint working
conditions and the Worldwide Harmonized Light Vehicles Test Cycle (WLTC). The findings indicate that the control
strategy utilizing vehicle velocity prediction achieves greater energy recovery in both scenarios, with improvements in
braking energy recovery efficiency of 9.2% and 6.13% over the non-predictive strategy, respectively. These results
demonstrate the efficacy and rationale of the proposed approach.
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1 Introduction (SOC) as inputs to a fuzzy controller, putting forward a

regenerative braking control strategy to improve the effi-

Distributed electric vehicle employs four motors in- . . .
ciency of regenerative braking energy recovery.

tegrated into each wheel and controlled independently, It is worth noting that vehicle velocity is crucial for

resulting in higher braking energy recovery efficiency
compared to a general centralized drive electric vehicle.
This feature gives it broad application prospects!'.
However, different braking energy recovery control
strategies will affect braking stability and energy recov-
ery effectiveness. There are two common control stra-
tegies for braking energy recovery: rule-based and op-
timization algorithm-based. Among them, the rule-based
control strategy is widely used due to its simple struc-
ture and easy implementation. On the basis of the origin-
al front-rear axle brake torque distribution ratio, Zhang
et al.”” only adjusted the front axle mechanical brake
system, and proposed three control strategies: maximum
energy recovery, best pedal feel and coordinated control
strategy. Li et al.’! considered the brake pedal opening,

its change rate, vehicle speed, and battery state of charge

braking energy recovery. Having prior knowledge of the
operating conditions enables parameter adjustments ac-
cording to the control strategy, thereby enhancing the en-
ergy recovery effect to some extent. Several studies have
focused on enhancing the precision and accuracy of
vehicle velocity prediction methods. Baker et al.”*! pre-
dicted future vehicle speed by combining historical
vehicle speed and longitude information. Yu et al.”) util-
ized a backpropagation neural network (BPNN) to learn
velocity prediction abilities over a finite horizon using
standard driving cycles. Wang et al.””! employed a gener-
alized regression neural network (GRNN) to predict fu-
ture speed and introduced an accurate prediction input
sequence into a multi-objective optimization energy man-
agement strategy.

Therefore, a prediction model based on BPNN to fore-
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cast the vehicle velocity under joint working conditions
is put forward in this study, predicted result is taken as
input of fuzzy controller. Based on this, a braking en-
ergy recovery control strategy is presented, leveraging
vehicle velocity prediction. The effectiveness of this

strategy is validated through simulation.
2 System model

The structure of the compound braking system for dis-
tributed electric vehicles is depicted in Figure 1. Inform-
ation interaction and communication between the vehicle
control unit (VCU), motor, and battery units are facilit-
ated through the Controller Area Network (CAN). When
the driver initiates a braking command by pressing the
brake pedal, the command is first transmitted to the
VCU. Subsequently, the controller assesses the feasibil-
ity of energy recovery during braking. Frictional braking
torque is generated by the mechanical braking system,
while feedback braking torque is generated by the motor.
These two torques are combined at the wheel to execute
the vehicle braking process. Throughout this period, the
motor operates in a braking state, generating power, the
feedback current is then employed to charge the battery,

enabling the storage of the recovered energy.

Fig.1 Compound braking system structure of distributed
electric vehicle

To conduct a comprehensive investigation into the re-
covery of braking energy in distributed electric vehicles,
a system model is established, encompassing the vehicle’s
dynamic model, motor model, and battery model.

2.1 Vehicle dynamic model

The longitudinal motion of the vehicle body is only
considered in this paper, there is no difference between
the left and right braking torques for each wheel (front
and rear)!”). Thus, a half-vehicle model is established, as
shown in Figure 2.

Fig.2 Half-vehicle model

In the scenario of straight-line braking, the rolling
resistance can be disregarded, allowing the longitudinal
motion of the vehicle to be expressed as Equations (1)
and (2):

MVXZ—fo_Frx_FW, (1)

Fy = CpApv,2/21.15, ()

where, M is the vehicle mass; v, is the longitudinal velo-
city; Fry, Fyrc are the front and rear wheel tire-road fric-
tion forces; F, is the aerodynamic drag force; Cj, is the
aerodynamic drag coefficient; 4; is the front window
windward area.

The vertical loads on the front and rear wheels can be
obtained by Equations (3) and (4):

Fe,=M(l,g— hg‘.’x)/l, 3)

Fr; = M(lsg + hg"’x)/l, “4)

where, Fy;, Fy; is the longitudinal front and rear wheel
normal forces separately; g is the gravity acceleration; /
is the distance between the front and rear axles; /; and /;
are the distances from the gravity center to the front and
rear wheel respectively; A, is the height of the gravity
center.
2.2 Motor model

The function of the motor is transferring the electric
energy of the battery to the drive controller as well turn it
into the mechanical energy required for the vehicle to
drive. The permanent magnet synchronous motor
(PMSM) is utilized to fulfill the power requirements of
the vehicle, including maximum speed, maximum grade-
ability, and acceleration performance. The relationship
between the braking torque and the motor speed is dis-
played in Figure 3, where T, and w,, represent the brak-

ing torque and speed of the motor, respectively.
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T Maximum power

m, max

Maximum braking torque

Fig. 3 Characteristic curve of motor

The figure reveals that the motor braking process is
constrained by three conditions. Firstly, at low speeds,
the maximum braking torque is limited to 7y, . due to
current limitations. Secondly, because of the common
limitation of current and voltage, the maximum braking
POWer is Py, oy Lastly, the maximum speed of the mo-
tor iS @, max, €stablishing the third constraint. The motor
braking torque is described as a first-order inertia link as
Equation (5):

Thm= m,ref/(Tms+ 1), (5)

where, T, s is the reference braking torque of the motor;
T, is the actual output torque of the motor; 7, is the iner-
tia time constant.
2.3 Driveline model

The driveline of vehicle is crucial to the transmission
of vehicle torque, which uses two main reducers, the
drive shaft and other components complete the transmis-
sion of torque. The conversion between the actual brak-
ing torque and the wheel speed exerted on the wheel can
be expressed as Equations (6) and (7):

Tm,w = 277Tm/i0 (6)

Wy = Wyip/2T @)
where, T, is the braking torque actually acting on the
wheel after passing through the reducer; w,, and w,, are
wheel speed and motor speed; # is transmission effi-
ciency; i is reduction ratio.

2.4 Battery model

The LiFePO, battery is selected as model in this pa-
per, which follows a basic open circuit voltage-resist-
ance (OCV-R) formulation. The equivalent circuit con-
sists of a voltage source and an internal resistance, both
of which are function of SOC and battery temperature.
The battery feedback power, recovered energy and SOC

are calculated by Equations (8) to (10):

P.=UI, (3)
t
Er = J‘O Prdt, (9)
t
SOC = S0C, - (fo nldt) /CN. (10)

where, P, and E, are the feedback power and recovered
energy; U and [ are the battery terminal voltage and cur-
rent respectively; ¢ is the terminal moment; SOC, is the
initial remaining battery capacity; Cy is the nominal ca-
pacity of the battery; # is charge/discharge efficiency.

In order to measure the effect of braking energy recov-
effi-
ciency and battery SOC are opted separately to evaluate.

ery, two indicators of braking energy feedback

The braking energy feedback efficiency can be defined
as Equations (11) and (12):

&= E:/Eo, (11)

Eo = mv,%/2, (12)

where, ¢ is the braking energy feedback efficiency; E
is the kinetic energy at the initial moment of braking.
The parameters values for the system above are listed in
Table 1.

3 Velocity prediction

The vehicle velocity forecast determines the vehicle
state in the predicted interval, then decides the braking
force distribution. This, in turn, directly impacts the
braking control strategy. In this section, Back Propaga-
tion neural network is chosen as the vehicle velocity pre-
diction model in the limited time domain in the future,
the original vehicle velocity sequence is divided into
training set and test set. A single neural network model is
trained with the training set, the test set is used to prove
the validity of the prediction method on the accuracy of
the predicted vehicle velocity.

3.1 BPNN model

The Back Propagation neural network (BPNN) is a
type of Artificial Neural Network (ANN) that encom-
passes a diverse range of architectures'®. As shown in
the Figure 4, the BPNN comprises one input layer, a
number of hidden layers and one output layer. Each lay-
er consists of a predetermined number of neurons, also

referred to as nodes. The neurons within a layer are not
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Table 1 System parameter values

Symbol Property Value
M Vehicle mass 1260 kg
Cp Aerodynamic drag coefficient 0.32
Ay Front window windward area 2.1 m?
g Gravity acceleration 9.8 m/s”

lp Distance from the gravity center to the front wheel 1.2m

L Distance from the gravity center to the rear wheel 1.4m

l Distance between the front and rear axles 2.6m

hg Height of the gravity center 0.54 m
T max Maximum braking torque 100 N'm

Py max Maximum braking power 15 kW

®pm max Maximum speed 1250 r/min
T Inertia time constant 0.05s

n Transmission efficiency 0.96

i Reduction ratio 5.73
SOC, Initial remaining battery capacity 0.8

Cy Nominal capacity 55Ah

Input layer Errors

Hidden layer (s)

Output layer

Fig.4 Structure of BPNN

connected to one another, but connections are estab-
lished between neurons with different weights across the
layers.

The training process of a BPNN involves obtaining
output values through the hidden layer and output layer.
In this process, the deviations between the collected out-
put values and the expected output values are calculated.
The weights and thresholds are then adjusted using these
deviations to continually reduce the biases and obtain

more desirable outputs. The specific principles are as fol-

lows:
(1) Obtain the output of the hidden layer from the in-
put vector, hidden layer weights, thresholds, and activa-

tion function:

m
szé[Zwini+bj}. (13)
Jj=1

(2) Then obtain the output of the output layer from the
output of the hidden layer and the output layer weights:

h
Yka(ZijHj-i-ak]. (14)

i=1
(3) Compare the obtained output with the expected
result, and feedback to adjust the weight of the output

layer until the error meets the requirements:

2

Awij =¥ ) (Ye=To)?/2, (15)
k=1

Wi = Wijj + Aa),»j, (16)

where, X = (X}, X,, -, X,,)" is the input layer contains m
neurons, with the input vector; X; is the i-th input neuron
in the input layer; Y= (Y}, 15, -, Yn)T is the output layer
contains 7 neurons with the output vector; Y} is the k-th
output neuron in the output layer.

Each connection between an input neuron and a hid-

den neuron is assigned a weight ; indicating the

ij
strength of the connection. The j-th neuron in the hidden
layer has a threshold b; that controls its activation state.
The activation function of the hidden layer is denoted by
0. Each connection between a hidden neuron and an out-
put neuron is assigned a weight mj. The k-th neuron in
the output layer has a threshold «,, the activation func-
tion of the output layer is denoted by f, # is the learning
rate, and 7 is the expected output of the 4-th node.
3.2 Vehicle velocity prediction model based on BPNN
The velocity prediction in this paper uses the speed
from the (k-10)th to the kth second to predict the speed
of the future (k+p)th second, where p is the predicted
step size. The predicted velocity is then employed as in-
put for subsequent velocity prediction. To encompass the
characteristics of speed variations in diverse driving con-
ditions, the training data incorporates New York city
cycle (NYCC), urban dynamometer driving schedule
(UDDS), West Virginia University urban interstate text
cycle (WVUINTER), and highway fule economy test
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(HWFET). These velocity data are grouped according to
the following rules:

(1) The velocity data V; = (vy, v, -, v,) serves as the
first input sequence, and v,,; being the expected output
value.

(2) The velocity data V; = (v;, viiq, ", Vyui1) SEIVES as
the i-th input sequence, and the speed data v,,; is taken as
the expected output value.

Once the velocity data is grouped, it undergoes nor-
malization, and 70% of the dataset is allocated as the
training set for model training. The neural network archi-
tecture employed in this study comprises a solitary hid-
den layer comprising 5 neurons. A learning rate of 0.05
is implemented, and upon reaching the specified thre-
shold, the predicted output values are denormalized. The
training parameters are illustrated in Table 2.

To objectively evaluate the effectiveness of the velo-
city prediction, Root Mean Square Error (Egpg) and
Mean Absolute Error (Ey) are utilized as evaluation

metrics, whose expressions are presented in the Table 3.

1.0

0.8

0.6

0.4

0.2

Output ~= 1*Target + 0.00094

0 0.5 1.0
Target

(a) Training: R = 0.99959

1 Data

0.8 Fit

0.6

0.4

0.2

Output ~= 1*Target + 4.7¢—05

0 0.2 0.4 0.6 0.8 1.0
Target
(c) Test: R =0.99959

Fig. 5

Table 2 Training parameters

Training parameters Value
Hidden layer 1
Number of neurons 5
Learning rate 0.05
Learning threshold 0.000 001
Table 3 Evaluation index
Erms Eya

3.3 Result analysis

The correlation analysis shown in Figure 5 demon-
strates that the correlation coefficients between the actu-
al velocity and predicted velocity are almost equal to 1
for both the training set and test set. This high correla-

tion signifies a strong relationship between the input and

Output ~= 1*Target + 3.5e—05

0 0.5 1.0
Target

(b) Validation: R = 0.99961
1.0

Z  Data

Output ~= 1*Target + 0.00066

0 0.2 0.4 0.6 0.8 1.0
Target
(d) All: R =10.9996

Correlation analysis
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output, thereby validating the trained model.

The predicted results are displayed in the Figure 6, it
is evident that while there are certain inaccuracies in ve-
locity prediction within the training set when the vehicle
is stationary, overall, the training set aligns well with the
training data, yielding an Egpg of 0.587 3 and Ey, of

0.3529. Notably, the predicted velocity in the test set ex-
hibits reduced errors compared to the expected velocity,
resulting in a decreased Epyg of 0.3123 and Ey, of
0.1952. These findings indicate that the implemented
BPNN model effectively contributes to velocity predic-
tion, yielding favorable outcomes.

70 T T T
Actual velocity

60 | Predicted velocity |
~ 50
E
2 40
=
2 30 . . "
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= 20 |\ il | .

O li l‘ i ..v | I
500 1000 1500 2000 2500 3000
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(a) Comparison of predicted and reference velocity on the training set
70 T T —
Actual velocity

60 - Predicted velocity |
)
g
=
2
S
S
=

710 | | | 1 |
200 400 600 800 1000 1200
Sample

(b) Comparison of predicted and reference velocity on the test set

Fig. 6 Velocity prediction results

4 Braking control strategy

In the regenerative braking mode of electric vehicles,
both the motor brake and the mechanical brake operate
simultaneously. To ensure braking safety and vehicle
stability, a regenerative braking control strategy is pro-
posed. This strategy involves the coordinated distribu-
tion of motor braking and mechanical braking, along
with the allocation of braking force between the front
and rear axles.

4.1 Typical braking control strategy

To incorporate the braking energy recovery system in-
to the existing braking system of electric vehicles, the
braking function is achieved by reconfiguring the two
braking forces. Three distinct braking control strategies
are primarily employe (1) Ideal braking force distribu-

tion control strategy; (2) Optimal braking energy recov-
ery control strategy; (3) Parallel braking energy recov-
ery control strategy. The graphical representations of
these strategies can be found in Figure 7, while a com-
prehensive analysis of their pros and cons is provided in
Table 4.

Considering the cost and the difficulty of implementa-
tion, the parallel braking energy recovery control strategy
is selected in this paper. On this basis, the fuzzy control
is used and the vehicle speed prediction part is added to
evaluate the efficiency of braking energy recovery.

4.2 Control strategy based on fuzzy control

The control system for electric vehicles encounters var-
ious limitations when it comes to braking energy feed-
back. Among these factors, the state of charge (SOC) of
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Fig. 7 Braking force distribution strategy graphical representations

Table 4 Comparison of three strategies

Strategy

Pros

Cons

Ideal braking force distribution control strategy
Optimal braking energy recovery control strategy

Parallel braking energy recovery control strategy

Good braking effect and stabilityShort braking distance
Recover braking energy efficiently

Simple system structure

Complex structure of the braking system
Complex structure of the braking system

Poor regenerative braking effect

the battery, vehicle velocity (V), and braking strength (2)
have the most significant influence. Consequently, these
variables are utilized as the three input parameters for the
fuzzy controller. The output value, denoted as K, repres-
ents the ratio of the motor braking force to the total brak-
ing force allocated to the front axle. The primary object-
ive is to maximize the involvement of regenerative brak-
ing force in the braking process while ensuring smooth
braking, thus effectively utilizing the recycled braking
energy. The system structure of designed fuzzy control
strategy is illustrated in Figure 8. The driver determines
the degree of brake pedal application based on the driv-
ing situation. By considering this input signal, the total
braking force and braking strength of the vehicle can be
determined. Building upon the parallel braking energy
recovery control strategy, the allocation of regenerative
braking and friction braking can be achieved.

Figure 9 illustrates the degree of membership func-
tions for the three input parameters (7, SOC, Z) and the

output value (K) in fuzzy set theory. The value of the
membership function determines the extent to which
each element in the domain belongs to a specific mem-
bership function. A steeper membership function indic-
ates higher control sensitivity and resolution, while a
flatter membership function contributes to better stabiliz-
ation.

Under the premise of vehicle braking safety and en-
ergy recovery, a set of 27 fuzzy rules are formulated, as
shown in Table 5. Each rule follows the expression: if
(Z 1s Z;) and (SOC is SOC)) and (V'is V), then (K is K).

5 Simulations and results

To demonstrate the effectiveness of the proposed
braking energy recovery control strategy, a simulation
analysis is conducted using MATLAB software. The
main parameters of the vehicle are outlined in Table 1.
The prediction time domain is set to 1 s, the sampling

time is 1 s, and two simulation conditions are considered:
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Fig. 9 Degree of membership functions

(1) Combination of NYCC, UDDS, WVUINTER and
HWFET driving cycles; (2) world light vehicle test cycle
(WLTC). Comparing the proposed braking energy recov-
ery control strategy based on vehicle velocity prediction
with the control strategy without vehicle velocity predic-
tion, the simulation results are shown in the Figure 10.
The Eryps and Ey, under two conditions are listed in
Table 6.

From Figure 10 and Table 6, it is evident that the pro-
posed control strategy exhibits a favorable fitting effect

under both working conditions. As the predictive model

is trained using the joint working conditions, it achieves
better fit in these specific cases. However, it also demon-
strates applicability to other scenarios. The accuracy of
the control strategy can be further evaluated by examin-
ing the SOC and energy recovery efficiency. The results
of this evaluation are depicted in Figure 11 and summar-
ized in Table 7.

As depicted in Figure 11, the control strategy incor-
porating vehicle velocity prediction exhibits reduced
fluctuations in the state of charge (SOC) compared to the

strategy without velocity prediction. Moreover, it effect-
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Table 5 Fuzzy control rules

Number 4 socC vV K Number Z socC Vv K Number 4 SOC Vv K
1 L H L L 10 L M L L 19 L L L L
2 L H M L 11 L M M H 20 L L M H
3 L H H L 12 L M H H 21 L L H H
4 M H L L 13 M M L L 22 M L L L
5 M H M L 14 M M M M 23 M L M M
6 M H H L 15 M M H M 24 M L H M
7 H H L L 16 H M L L 25 H L L L
8 H H M L 17 H M M L 26 H L M L
9 H H L 18 H M L 27 H L L
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(b) Velocity simulation curves under WLTC

Fig. 10 Vehicle velocity simulation results

ively charges more electricity to the battery during driv-  recovery compared to the strategy without velocity pre-
ing. The results presented in Table 7 further reinforce  diction under both working conditions. Specifically, the
this observation, highlighting that the control strategy  braking energy recovery efficiency is found to be 9.2%

with vehicle velocity prediction achieves higher energy  and 6.13% higher, respectively, compared to the strategy
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Table 6 Egpys and Ey;, of simulation results

Working condition Erwms Enia
Joint working conditions 0.3869 0.2296
WLTC 0.7823 0.5139

0.805

0.800
QO
O 0.795
%)

0.790

= With velocity prediction
= Without velocity prediction
| 1 | 1 | 1 | 1 |
0 400 800 1200 1600 2000 2400 2800 3200 3600 4000 4400
Time (s)
(a) SOC change curves under joint working conditions
0.820 T T T
— With velocity predictipn‘

0815 — Without velocity prediction |

0.810
Q
o
%)

0.805

0.800

0.795 1 L Il 1 1 Il

0 200 400 600 800 1000 1200 1400 1600 1800
Time (s)
(b) SOC change curves under WLTC
Fig. 11 SOC change curves:
Table 7 Comparison of energy recovery efficiency

Working condition

Control strategy

Energy recovery efficiency (%)

With velocity prediction 76.38
Joint working conditions
Without velocity prediction 67.16
With velocity prediction 70.77
WLTC
Without velocity prediction 64.64

without velocity prediction.

In summary, the braking control strategy proposed in
this paper, which incorporates vehicle velocity predic-
tion, effectively ensures braking stability while achiev-

ing high efficiency in the recovery of braking energy.
6 Conclusions

In this paper, a braking control strategy that incorpor-
ates vehicle velocity prediction is proposed. The strategy

is validated by training and testing a BPNN model using

joint working conditions. Building upon the parallel
braking energy recovery control strategy, the control
strategy in this paper considers vehicle velocity informa-
tion, braking strength, and SOC through fuzzy reasoning
to determine the distribution coefficient for the front and
rear axles. The feasibility of the proposed strategy is
demonstrated through experiments conducted under both
joint working conditions and the WLTC working condi-
tion. The results indicate that the control strategy with

vehicle velocity prediction achieves higher energy recov-
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ery compared to the without one, confirming the ration-

ality and effectiveness of the proposed strategy.
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