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Abstract : Batteries and supercapacitors are gaining attention as energy sources for electric vehicles due to their
complementary characteristics in energy density and power density. To effectively utilize the advantages of each energy
source, a hybrid energy management system that can distribute the required power between batteries and supercapacitors is
essential. This paper proposed a reinforcement learning-based hybrid energy management system and a reward function that
enhances a battery’s state of health(SOH). Simulation results demonstrate that the suggested energy management system
(EMS) maintains higher battery SOH than existing EMSs.

Key words : Battery(HE]2]), Electric vehicle(Z7]X}5%}), Hybrid energy management system(3}0]E 2| = of| 4 X] H-E]
A]AH]), Reinforcement learning(733}51s), Supercapacitor(73 A T A E)

LAE 45 BN EAS AU on R, FouAgon
71X ZHEV, Electric Vehicle)i= = olUX| Yoz stolH | = oux] oS FAsHH A7) 2 FE Akl A

M2 S A el Hols wAAMAE, AR A4 BEAAEH 5 ek SR selnel = LX) 91
o} e ga A NS § Age slolnels ol TASE 24 AUAUe] FHS B BgSeW 29

UA B Fsa oA BE R wEle $Re s A 7oA d palg Baden w5 Qe
i o AT A T L= slolBe]= oA ¥e] A|Z=F)(HEMS, Hybrid Energy
gl 5ol HlE gl g2 250 vl g vl&)] A= Management System)©| & 83}t}. o 4#] ] A| 2~
Mot o Ui WETL ol BIIABANA Bl & o) Wk wul Ae A Al FRE b & e
253 QAN s AH A E o] v B = Ay Wesh 3 7]9 A2 (Rule-based strategy), FHA35E 7|k =t
o AtA o2 o] Aol EA47) QU v = (Optimization-based strategy), 2}55 7|8+ % =H(Learning-

FAANAEE A2 Wb 24 A7ko] AT based strategy)] 3]
g e el el o A] "MI=7} Stk A7) gl 814 Rl ﬁ%& “if-then” A A o] F oz 9]
b

W ofElel st ekl A7) Sebe ol alojubd ook H Fel2E] Alo] sl o e Ui o 2
ol Aal, Wk &7} Fol 7hEof L3 FA%H A 71%F  ZK(Deterministic-based strategy) 2} %] =] 7|1t
o giol AGeIT). o A ME IS FAANAEE A Fuzzy sogic-based strategy)©Z A3 & % ek

“A part of this paper was presented at the KSAE 2023 Fall Conference and Exhibition
“Corresponding author, E-mail: wansu.lim@skku.edu

T'his is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http://creativecommons.org/licenses/by-nc/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium provided the original work is properly cited.

917


https://crossmark.crossref.org/dialog/?doi=10.7467/KSAE.2024.32.11.917&domain=http://journal.ksae.org/&uri_scheme=http:&cm_version=v1.5

N
N
eI =)
& =
o
X re
i odt
M oox
2L
8
flo
o o fo

NOTE ox
2

2}

o
of
ol
AN

lo %
k1
i

b
i
-

iz
[o
HorE

_>#
ol
= ot

o N

[o
o
S

Lo o
N

)
ol
B

fx
ol
ol
O
)

o
)

0w oo gy
5 .
o

o o 2
o

2

= =
o
o
kT
30
i

a’
QL
I
fu
ox
ofo

LI
N
'z
2
i
flo
=
12
B
e

ol

of 7|loltt. A o
Dynamic Programming)®] S\t %% 3271
2 EA =2 o]y o] Ze BAl 2 o] |
I AE o] g3l HA| Aol gk Z]Z-] 3= srolict.
A H A3} 7 ak Aeke A=A F

H] 2 Profile™} -2 njge] AW S0 A3t

>
il
rr

>
aQ
[¢]
=
-
N
-
g
=
8.
=]
o 8
=
-
L
o

o]t} Environmentt Agent-/] Actlonol o
2] H{7Vek 4 9= 2| Eel HARS ¥ w )
Agent# v 4= == Stateo]] e}
= Actions ShsFste] X el 7h

[e))]
AT E'_

=]
2F(Reinforcement learning-based strategy)= *}%
g-FHANAIY sto]B = o] ¥ Al
Ak FAANNEE BEHOm AT
F S AAISkAL, Agent= 1 BT #ES
et il e shEete] wiE g

¥0 30
8o

St
—

2. HQH3t S10[=2|C Ofifz| Rk2| AlAS

Fig. 1-& #|Qbgl Z8}85 7wk slo] B = o v =] #
gl Al=Elo] HA] Jjefeo|th EMS ulitell $1x|&
SAC(Soft Actor Critic) Agenti= State== 3 #] oL =] =1 2]
el Fefe ot o FHEHS YHeET SAC
Agent U57-9] Actor 417 -2 4 &) W2 Stateoll e}, 57
HAWAEH7F @A A T
}EL Critic 217 "2 State9} Action=-
fo] Z¢ gk Actiono] Hrht A3 l=x] Frked
-valueS TPAFSHCY, Action®l] wha} 2t OﬂLﬂxl 21 o]
A& AL o] %ol = 2} ol R el
DC-DC ABE]E Ao]dle] REE & ﬁ%
B AYA|F o2 A S 3]t o] ¢} o] 7

1T =

43k U] &2 ActionS &=

Q) Entol Actor

ol

ol ¥o > 1

A
L
=]

of

o
o

fol-Jru

2oL oft | o
Todedo o]

_O|L

918 HAASABeA =2 ARA A1, 2024

RL-based EMS
Action
Actor
L

Supercapacitor

Bidirectional
DC/DC Converter

SC Power

Motor
Load

—

Bidirectional
DC/DC Converter

Battery

Fig. 1 Proposed RL-based EMS overview
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Table 1 Battery specification

Battery cell voltage 3.6V
Battery cell capacity 3 Ah
N serial 84
N parallel 50
Battery pack voltage 302V
Battery pack capacity 150 Ah
Battery pack energy 45.36 kWh

Table 2 Super capacitor specification

SC cell voltage 27V
SC cell capacitance 3,000 F
N serial 222
N parallel 1
SC pack voltage 599 V
SC pack capacitance 1351 F
SC pack energy 674 Wh
SOC min 0.5
Table 3 Longitudinal vehicle parameter
Vehicle mass 2,400 kg
Tire radius 0.34m
Tire rolling coefficient 0.0136
Air drag coefficient 0.31
Gravitational acceleration 9.81 m/s*
Road grade 0
Motor max power 100,000 W
Motor efficiency 95 %
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1. // Discharge Reward
if (SOCsc > SOCsc, min) &
(Pp > 0) & (Pp_Derivative > 0)

4

3 Reward += Pp x Rgc

4.

5. // Charge Reward

6. if (SOCsc<1) & (Ppb<0)

7 Reward += Rgc

8.

9. // Overdischarge Penalty

10. if (SOCsc <SOCsc, min) & (Pp > 0)
11. Reward -= Rgc

12.

13. // Overcharge Penalty

14. if (SOCsc>=1) & (Pp<0)
15. Reward -= Rgc

16.

17. // Basic Reward

18. if (Agent didn’t get a penalty)
19. Reward +=SC_SOC

Fig. 2 Reward function
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Fig. 3 Charge reward visualization
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Table 4 Characteristics of driving cycles
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Fig. 5 Rewards for each episode

Table 5 SAC agent parameter

101 121 141

Number of hidden layer 3
Number of hidden units per layer 128
Activation function ReLU
Learning rate 0.01
Batch size 64
Discount factor 0.99
Target smoothing factor 0.001
Replay buffer size 10,000

Driving cycle Average speed Maximum speed Average discharge power Average charge power
FTP72 31.4 km/h 91.2 km/h 6,867 W 2,147 W

WLTP class 1 28.5 km/h 64.4 km/h 3,943 W 522W

WLTP class 2 35.7 km/h 85.2 km/h 6,391 W 1,543 W

WLTP class 3 46.5 km/h 131.3 km/h 10,860 W 2,441 W
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A Zh2nste] 7Hg vk s S 1ol

WLTP Class 2 53§ Alo] ol A= BE EMSQ] 773 7
SIATE ot e AnEF \ARpE 7R ARekar wiE
SOHO A= FAIS Ad5S Hth sHANE Aljtsh=
EMS} 512 7]6F EMSE 73 AT AT E] #H 4 SOCE v
R A vk 3kl 710 EMSE R A S A E 9] H 4
SOC7}47.3 %= Al F21& WA 714 233l

w8k WLTP Class 3 =8 Alo]ZollA & 712 7|t
EMS7} 3116 W= 71 B2 Tp A A E Hat = &
HIEFS 7| 53813151 vlE]2] SOHE 56.8 %= 7 =9

Supercapacitor Battery
A A A
SOCFinal SOCMin \verage . verage SOCFina] . \verage SOH
charge power | discharge power discharge power
Proposed 752 % 71.4 % 1,978 W 2,768 W 96.7 % 4,099 W 82.7 %
FTP72 RL-based" 56.5 % 485 % 1,624 W 2,859 W 97.0 % 4,016 W 83.0 %
Rule-based'” 80.4 % 76.6 % 2,163 W 2,815 W 96.5 % 4,055 W 82.8%
Proposed 54.8 % 53.8% 438 W 2,105 W 98.9 % 1,837 W 94.2 %
WLTIP
ass 1 RL-based" 48.4% 47.0% 402 W 2,226 W 98.9 % 1,718 W 94.6 %
class
Rule-based'” 77.5 % 76.2 % 523 W 1,474 W 98.4 % 2,467 W 9.2 %
Proposed 65.2 % 57.1 % 1,396 W 2,356 W 96.4 % 4,040 W 81.7%
WLTIP
lass 2 RL-based" 56.4 % 473 % 1,154 W 2,292 W 96.6 % 4,107 W 81.3%
class
Rule-based'” 71.8 % 63.6 % 1,543 W 2,357 W 96.3 % 4,042 W 81.7%
Proposed 75.4 % 56.8 % 2,256 W 2,864 W 91.3 % 8,023 W 55.5%
WLTP
lass 3 RL-based" 70.3 % 49.1% 1,837 W 2,550 W 91.4 % 8,343 W 53.8%
class
Rule-based'” 72.5 % 50.0 % 2,432 W 3,116 W 91.4 % 7,782 W 56.8%
Proposed 67.6 % 59.7 % 1,517 W 2,523 W 95.8 % 4,499 W 78.5 %
Average | RL-based” 57.9 % 47.9% 1,254 W 2,481 W 95.9 % 4,546 W 78.1 %
Rule-based'” 75.5 % 66.8 % 1,665 W 2,440 W 95.6 % 4,586 W 78.3 %
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