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Trip distance adaptive equivalent hydrogen consumption minimization strategy for fuel-
cell electric vehicles integrating driving cycle prediction

LIN Xinyou™, YE Jinze, WANG Zhaorui

College of Mechanical Engineering and Automation, Fuzhou University, Fuzhou 350002, China
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ABSTRACT The environment pollution and petroleum problems, which are increasingly becoming serious, have caused the vehicle
industry to transition into a low-carbon and energy-saving industry. During processes, plug-in fuel-cell electric vehicles (PFCEVs) play
an important role due to their advantages of rapid fueling, high energy density and efficiency, low operating temperature, and zero
onboard emissions. PFCEVs use high-capacity rechargeable batteries to avoid working in low-efficiency areas. However, a robust
energy management strategy that can achieve reliable energy distribution by regulating the output power of the fuel cell and battery
within the hybrid powertrain merits further investigation. Considering the close relationship between the driving cycle, state of charge
(SOC), equivalent factor, and hydrogen consumption, a trip distance adaptive equivalent consumption minimum strategy integrating
driving cycle prediction is proposed. A backpropagation-based neural network is used to predict short-term vehicle velocity and analyze
future changes in vehicle demand power. Planning a path to the destination with the help of the global positioning system, the intelligent

transportation system can also obtain traffic flow information for the entire trip. The equivalent factor is dynamically corrected in real

Y #5 B #5: 2022-11-22
ELWH: EX ARSI H (52272389, 51505086); #iz T 5% 45 2 & ¥ 5 45 32980 % FF BUR AT (KLCE2022-08); &8 T 12 K2
R 7 A 55 Rl 2 2 Al T AT S B T ORI oY 2 A W BT H (JCKJI2021A04)


mailto:linxinyoou@fzu.edu.cn
mailto:linxinyoou@fzu.edu.cn
https://doi.org/10.13374/j.issn2095-9389.2022.11.22.005
https://doi.org/10.13374/j.issn2095-9389.2022.11.22.005
https://doi.org/10.13374/j.issn2095-9389.2022.11.22.005
http://cje.ustb.edu.cn

ARERAAE - Fl 00 TN A JORRE HRL 1t 94 LR 0 i 7 25 A0 S /2 i SR g -377-

time using the driving distance and SOC to realize the adaptability of the energy management strategy. Finally, the velocity prediction
sequence is combined with the objective function. The sequential quadratic programming algorithm is used to optimize the equivalent
hydrogen consumption of the objective function and to obtain the distributed power of the fuel cell and battery. The vehicle simulation
model is built and compared with a traditional energy management strategy based on MATLAB/Simulink software. The simulation
results show that the driving cycle prediction algorithm based on the backpropagation-based neural network predicts future short-term
conditions better, with a 12.5% higher accuracy than the Markov method. The proposed energy management strategy allows the fuel cell
to operate in high-efficiency areas. The hydrogen consumption is 55.6% less than that of the CD/CS strategy under the UDDS cycle. The
hardware in the loop experiment verifies a hydrogen consumption that is 26.8% less than that of the CD/CS strategy under the EUDC
cycle. The numerical validation results demonstrate the superior performance of the proposed strategy in terms of hydrogen consumption
over the CD/CS strategy. The effectiveness of the proposed strategy is validated by hardware during the loop experiment.

KEY WORDS fuel cell electric vehicle; energy management strategy; equivalent consumption minimum strategy; driving cycle

prediction; BP neural network
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Table 1 Basic parameters of the fuel cell electric vehicle

Parameter Value
Vehicle mass/kg 1270
Frontal area/ m* 2.06
Tire radius/m 0.313

.. Maxi 1271,
Driving motor aximum torque: 271;

Power: 75 kW
Fuel cell maximum power/kW 50
Nominal capacity of battery 20.7

pack/ (A'h)

Hydrogen tank @

Differential

DC/AC

Motor DC/DC Fuel cell
Battery
pack
* AC charge port
C—Mechanical connection — Electric connection ------ Gas connection

B SRR A3 T RGeS

Fig.1 Dynamic model of the fuel cell electric vehicle
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Fig.3 Training iteration process of the neural network
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