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Energy management strategy for hybrid electric vehicle
based on improved PPO algorithm

MA Chao, SUN Tong, CAO Lei, YANG Kun, HU Wenjing
(College of Transportation and Vehicle Engineering, Shandong University of Technology, Zibo, Shandong 255000, China)

Abstract: In order to improve the economy of power-split hybrid electric vehicle (HEV), a longitudinal dynamics model of
the entire HEV vehicle was established, and an energy management strategy (EMS) based on strategy entropy optimization
with an improved proximal policy optimization (PPO) algorithm was proposed. The algorithmic framework was simplified by
employing an experience pooling mechanism based on traditional PPO algorithm, and only one deep neural network was used
for interactive training and updating to reduce the complexity of parameter synchronization in the policy network. In order to
effectively explore the environment and learn more efficient strategies, the strategy entropy was added to the loss function to

promote the intelligence to strike a balance between exploration and utilization and to avoid premature convergence of strategies
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to local optimal solutions. The results show that the EMS based on the improved PPO algorithm with single-policy network
maintains the state of charge (SOC) of the battery more effectively than the EMS based on the dual-strategy network PPO
under both UDDS and NEDC driving cycle. Additionally, the equivalent fuel consumption is reduced by 8.5% and 1.4%,
respectively, achieving energy-saving effects comparable to the EMS based on the dynamic programming (DP) algorithm.
The proposed improved PPO algorithm can effectively enhance the fuel economy of hybrid vehicles and provide a reference for

the design and development of EMS for hybrid vehicles.

Keywords: vehicle engineering; hybrid electric vehicle; energy management strategy; deep reinforcement learning; proximal

policy optimization
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Fig. 2 Deep reinforcement learning training framework
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Tab. 2 Pseudocode for optimal engine operating line
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10 End Fig. 4 Optimal operating line of engine
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Fig. 6 EMS framework based on the single-policy network improved PPO algorithm



244 LI A S A NI S i 2025 4F

5 A SR R (] SR W 0 245 4 2 G 1 2l g A R R A (1 Lk B DA e SOC 2 = AR 255K Y
G SRR R AT SRR A S ALY AR AR s AT A P S W AT 2 B AT R L

(HLJE7E 2 T BRI I 2% 2t PPO B3k 1) EMS Hp, SIS 190 2% 78 -5 3 558 52 B 9 ) i), o 25 BiIRZ8T i ihy
{14 S0 1 W 30 50 A 77 B 22 36 0t v o 0 i 6 SR B TH SRS . K B R A6 S P 8 2 4 S ) SRS I 4% T 2 e
HAI R 1A B — e ms R 45 . A2 H0g e b, BRI I 45 ek PPO B35 AN 2248 [ 2 e s [R5 2 A3
W% ) 245 49 2 50, T 2 SRS O 4% 4 15 222 1l WA 8 1) 10 S8 R AT 58 L R ARG A0 2K R RS IR BT . 2 it AL
i B £ T S AT A 280 0 2 R AP 1 52 v L T K PPO BRI HESE , 3E— 2D (LB 4> EMS RYHESE .

e Ab B G 9 25% 2ot PPO Sk AR EAT HEMS ST IR L 51A T SRS 0 41 D 45 2k R BB — 03 . ik mT AR
I B8 R AT 14 2R AR ) T 2 1) AR~ 7 o DA T B A 280t A S8 s 190 2%

3 (HESH

3.1 FESHIEE

ASCAHE A Python 3.7 5 Pytorch #1358, PPO $3% 2% 3) SR8 B T B S50 20 K KN 5 22 0 IR 5 o
FE T ORE AR SFe 2 il 1 e AR B2, JHC (B /N R VA 0 1 i e I 2 Tl 5 (B A BRI K I 2 Tl L R B R ok BR o oK
W BT A B AR SO B B B R i 2 U R R LR T R B R NN R R AT R . A AR SR
W 2 AT AR Atk -, S B0 B R T B BRI I B B ) )R] R 2R

AR B 56 (1 — Bk B W 19 2% 2 ik PPO 7% A1 AHEE
(PPOD) AR B M 26 PPO %3k (PPO2) S 501K B A A, 3R Tab.4 Parameters setting
W5 DX 245 A0 (I 0 6% 1) 45 A 3% R IR0 S R 3 A B )2 4 A 2 % B
1T PPO B 3% (1 10U 15 470 58 501 I 16 KO8R P, o
Y B LR D 525 v, PPOL F1 PPO2 #4941 1 XUt 1F 41 FEWAE T 0.99
B BT T B R, BRSO 4 TR Pl KA 126

Lk 0.2

AT OHE 4 A5 45 R 4r i fE UDDS T3
NEDC T4 N T B8, 2 FhORBEAE 2 4 T F 3347 1T 100 #8025, IF i H 2% T 3 S HLK] (dynamic
programming, DP) iy EMS fE & 34X e S g, Hidp UDDS T4 f1 NEDC T8¢ 43 3 an /&l 7 e 8 fras

v/(m/s)

| | | IR IR T \ )
0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200
tls tls

K 7 UDDS T H 8 NEDC T
Fig. 7 UDDS driving cycle Fig. 8 NEDC driving cycle

3.2 HEZERSW

J£F DP (1 EMS 5 5£F PPO1 #1 PPO2 5 1) EMS 0.641
7 UDDS T8 F il SOC BBl il o B, i 00
L, 3T DP B EMS SOC 4 RRRCR el A TB SOC 8osl
WS A S L % B LR B B LR AR s D R B, o6 Y o |
B AR AE W B9 SOC BHE 4345 SOC M3 4 F4 . 1M 054 RN WA T
ST F3ETF PPO1 #1 PPO2 19 EMS, — & 19 SOC #5028 1k K 0 200 400 600 " 800 1000 1200 1400
FOM A (B2 PPOT B3E I 4EFRRRCR T PPO2 Bk 4F, Ryl B 9 UDDS Z3L T R B K% 89 SOC it
SOC WEEIA W SOC Miir. #F PPO1 Ml PPO2 53k Fig.9 SOC trajectories for different strategies

(9 EMS T /9 % S BLTAE 58 70 A e 10 Bii under UDDS driving cycle




%3 Ty, 45 BT ot PPO S35 Y IR & 3 J1 93 2 Rl 1k A8 B IE 245

120

100 |
E
.80 b
Z
e

60

40 BN\

1 000 2 000 3000 4000
ﬁﬁ]fﬂ?ﬁiﬁ/(r/min)

a) PPO1SIL

T/N * m)

1000 2000 3000 4000
R ANBUEEH (r/min)
b) PPO2%:

B 10 UDDS T 3L F & 3hHL T4 &
Fig. 10 Engine operating points under UDDS driving cycle

i & 10 7] 0, JCiE & PPO1 B kif /& PPO2 Bk,
R ENHLTAE S & & Sh AL AR T T FE R i 4k, X
JEH TAESNER I, ) T A R fE= e
2 ) SV BR S W 4 K B WL S5 AR IR il 9 6 %R il £k
1. PPOL B3k i TR TR HLH 282 0 = 20K 0 11
JUBERE R, K L T AR s5U7E w8 8058 1 AR X 38l 4
BRI A I R T 2 R R A B R T S T SR s Y
HARZE B a5 5 fron . PPO1 55 45 7E 68 55 4 b 4 45
SOC A A 451 F . L DP g v, 8 4 22 ek ik
F| T HF DP 19 83. 6% . M3 T T PPO2 R it 45 2
SR AR IE FEREAR T 8. 50,

HF DP B9 EMS 53 F PPO1 1 PPO2 Bk
EMS 7€ NEDC T.% F By SOC B #Lik 5 & sh L T
PESZ5 R mE 11 A 12 fiaR. #14G SOC #1240, 6,
[FREAH LT PPO2 8 4k, PPO1 8 i SOC #Lilk iy A8
P 3 T /N A B A K H i 1 o FH A

120 |

100

80 |

T/N * m)

60

- SN —

1000 2000 3000 4000
R ANBUEEH (r/min)
a) PPOISTIE R SIL T AE A

%5 UDDS LT R Kok ik
Tab.5 Comparison of different strategies

under UDDS driving cycle

P wIh 2 i 100 km ZE%08k  DP A FEERY
SOC SOC WAL/ L 2/ %

DP 0.6 0.593 3.16 100. 0
PPO1 0.6 0.593 3.78 83.6
PPO2 0.6 0.571 14.13 76.5
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under NEDC driving cycle
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Tab. 6 Comparison of different strategies under NEDC driving cycle

O W SOC i SOC 100 km 45 CRIMIH#E /L DP R m 2551/ %
DP 0.6 0.576 3.69 100. 0
PPO1 0.6 0.556 4.28 86. 2
PPO2 0.6 0.536 4. 34 85.0
4 & iE
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