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Abstract: A considering driving style energy management strategy is proposed to enhance the
adaptability of energy management strategies for different driving styles in hybrid electric
vehicles. The strategy combines deep reinforcement learning with the equivalent consumption
minimization strategy (ECMS). Real vehicle experiments are conducted to collect driving data,
which is then subjected to clustering analysis to identify distinct driving styles. A driving style
recognition model is developed based on this data. The energy management strategy is built using
reinforcement learning and ECMS, with driving style coefficients serving as the reinforcement

learning state variables. A deep deterministic policy gradient agent is trained using various
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combinations of driving styles and operating conditions to determine ECMS equivalent factors for

different driving styles and conditions. The ECMS is employed to optimize the engine, motor

torque allocation, and gearbox gear selection.

To validate the effectiveness of the proposed

control strategy, a hardware in the loop testing platform is constructed, and test scenarios are

generated using real driving data from different drivers. The research findings demonstrate that

the reinforcement learning-based energy management strategy considering driving style reduces

overall vehicle energy consumption by 16.35%, 11.11%, and 7. 56 % compared with rule-based

strategy, equivalent factor ratio correction-based adaptive ECMS, and DRL-SAC strategy.

respectively. The effectiveness of the proposed control strategy is successfully validated.

Keywords: hybrid electric vehicle; energy management strategy; driving style; reinforcement

learning; equivalent consumption minimization strategy
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Fig. 1 Configuration of the hybrid powertrain
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Table 1 Specifications of the HEV
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Fig. 2 Schematic diagram of the energy management strategy
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Fig. 3 Schematic diagram of trip segment division
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Table 2 Average value of characteristic parameters of samples of various driving styles

FRAE S 4 A
1 ESE S FHRES
P A/ (km e h ) 31.53 37.81 44,26
AR EZE /(km - h™ 1) 15. 32 16. 27 18.95
B KRME/ (km+ h™ 1) 59.49 68. 70 75. 65
I B 2 X B A/ (m e s %) 0.371 0.569 0.712
Jon R 2 X B RR HE 22/ (moe sT7) 0.334 0. 482 0.547
Jon 2R 26 X (B d KA/ (mos s77) 2.471 2.890 3.356
B AR AR A A XA A/ (%6« s™1) 6. 84 9.51 13.23
A T o A AL R A XE AR HEZE /(Y6 » s71) 6.75 10. 87 13. 48
B A A A AR 2 X B KB/ (26 + 571D 31. 69 35.93 41.27

http: // zkxb. xjtu. edu. cn




56 W% o i

PN

58 &

(3) M 7 725 B XU 300 J 30 A S Bk U 331
JAABEE N 60 s.BF 60 s THAFRE S BUED

(4) 2R FH 32 45 ) f LR 47 725 3 KUAS AU
Sea AN 2R AR AR I 20 bR 48 L 2R I X A
HEAT I — koAb B, 36 A58 1) 56 o B8 Ry A% pRI R, 43 i) )
JH svmtrain pRECH svmpredict PRECYI Zr LR,
Fem LS R 6 pron. Al LLAE H, A4
PR K F) 91,04 %4,

o JUSHG e TRINZ

3 f f 4 TR EETTRETRE D
~'2 o B H
1 . L L i ;
0 50 100 150 200 250 300
WA 5

P62 XS U 25

Fig. 6 Recognition results of the driving style
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Table 4 Comparison of simulation results

SOC SOC 100 km % 3h 100 km %54
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DDPG-ECMS 0. 604 4.36 4.33
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Table 5 Comparative results under additional test cycles
SOC Wit S - SOC % fi 100 km & Bl 100 km %3¢ fiE 12V FE
MFE/L MFE/L Rkt / %6
rule 0. 605 5. 69 5. 64 20.01
P-AECMS 0. 602 1. 89 1. 87 7.39
’ DRL-SAC 0. 605 4.77 4.72 1.45
DDPG-ECMS 0.596 4.48 4.51
>0 rule 0. 606 5.54 5.48 19. 16
P-AECMS 0. 604 4.78 4.74 6. 54
’ DRL-SAC 0. 590 4.33 4.42 —0.23
DDPG-ECMS 0.594 4.37 4.43
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