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In recent years, research on machine learning techniques that can be integrated with existing suspension control algorithms
for enhanced control effects has advanced considerably. Machine learning, especially involving neural networks, often
requires many samples, which makes maintaining robust performance in diverse, changing environments challenging. The
present study applied reinforcement learning, which can generalize complex situations not previously encountered, to
overcome this obstacle and is crucial for suspension control under varying road conditions. The effectiveness of the
proposed control method was evaluated on different road conditions using the quarter-vehicle model. The impact of training
data was assessed by comparing models trained under two distinct road conditions. In addition, a validation exercise on
the performance of the control method that utilizes reinforcement learning demonstrated its potential for enhancing the
adaptability and efficiency of suspension systems under various road conditions.

1. N2

A SR S A o aRyel Fag
oJare stnl, Thorgt Alo] WSS A 8P $I%F A7t Ay
93 gtk AP S5, W, 55 ALge A 7 5
ol glom, Zze] Asge AR AL Ytk 45 @7t
A AR Foka we) ol A8 e AR,
55 WAL 34 34719 AES 2t o Yo Fu
% dhelol ) mEAQ) Aol k. SR FHs w2 W
87 270l thale] 45 2 WS A7PEAE A4 Uk
o] WolA|t= whgo] EAJste] Brt Akl g8 4 Al
S5 WA 716 e Bale] Zbeka ek B WA

Ao #gxo] $hel Ao}zl PID (Proportional, Integral,
Derivative), LQR (Linear Quadratic Regulator) 5-©] Q1t}[1,2].
ojgfgt AoV |RE &3] 2 S €& 7 UARE ALY

o= te T

Copyright © The Korean Society for Precision Engineering

Manuscript received: November 20, 2023 / Revised: January 18, 2024 / Accepted: January 28, 2024

o] F7ksHAL wakshs 915 2elel o3 Aol Aol
Fag 5 vk TEF B HFsh) s ATASY 2
714 B 718 olgate] Aol A AL At A

{‘

Y =] ¢Jc}. Ghoniem 52 ANN (Artificial Neural Network)2 A}

§ato] ALMAL] SRR, WH 52 Aofstel S WA
ZTH3]. Vidya 52 RNN (Recurrent Neural Network) 7|5+2]
MRAC (Model Reference Adaptive Control) 7|fH o2 55 A
2E AfSTHAL SHAIRE AT 2 ARG
cIefe] el et Aol tt@ﬂ G QT ket 8140 g
AT e & = Aol W2 71sA ofgeol
EARIT o5 B 5}71 HOPO% ojde] HstA] Hek Hatgh
S AR E S gk ARekse A8 At
hFsHA AFYE AL Qltk. Lee 58 W5 A7FEA| AlojE ¢
3] TRPO (Trust Region Policy Optimization), A2C (Advantage
Actor Critic) Z12]31 SAC (Soft Actor Critic)?} 72 7rslsks

;
1m

This 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.


https://crossmark.crossref.org/dialog/?doi=10.7736/JKSPE.023.141&domain=http://jkspe.kspe.or.kr/&uri_scheme=http:&cm_version=v1.5

224 [ March 2024

7IHES vkl =8 g WS AlAISHITHS]. Fares 5
2 TD (Temporal Difference) -2 A3l 55 A7/PIAE
Aotalche). Han 52 W55 7PAle] 1 Aol 919
PPO (Proximal Policy Optimization) &318|&2 ARE3IHTHT].
A &2 Dridi 5% PPO ¥alej&S ARESto] 55 d7H
A& Aojshe, thekrt HAREE Blustal AAIsto] Alofo]
2G5S, o2t AFE3t HjuwshH, DDPG  (Deep
Deterministic Policy Gradient) ¢i18]&2 ARRSH= AL WY
= AZPEA] Aofell tiste] H ZHA] o]FE AlEgttt. DDPG
&2 AS AAY HdS AMgsto] BRI vjAdE Al
Aoz, Aushal 3 Ao AsE 7HE =
43 7R Sk wie-ugrE 2 i A s
o8 A&HAQl Y& FAtlAY Aol FHolutt. o
E2 ols) DDPG ATelEe A%Hel 5T} e

E=7F ERR WIPA Alojel 22 wopelld 285t

ta

Lol

b

[e)
ol

al
o
=
™
9,]‘_9_
gk
o)
=

3 @77h A= ek Liang 52 DDPG Ai2lES 44
so] A o] WSF ALHAL Ao) 45 Bl

oo

= R, o]+= HEZ(Bump) =

H & o2 W AEolA e AT Bt SHAE

7HAaL Qiet. webs DDPG ¥ale]ES 55 Al2HAde] 2§
(o]

3 7 % ookt e 271014 DDPG L ES 243t A
o %-g Wik A7t hHow sl

2 A+oA DDPG dilE|Es E83to] 55 d7PEAE
Aolet= WS At sS Uit o]& ¢ AFAsh
BAASRE AAstal, 27] T8 248 At 59 Y
AL Rt WY Al Hz =y golgE 7|ute R Zk7k
Sh5%E DDPG ¢ile|&9] S Y W, e -, Jdat
Lol tisto] Wi AL, S5 dlojE] {Fof e Ao
459 Zpolg EIgtt. ®3h, AE B} 7]E PID Ao
718 9] & vlasto], AQFE wdo] theFet =i Ao of
st gt Alo] A5E Alestke AL Ak, AdE 22
< Agsle] 55 APIAE aF o= Aolg = S &
gt
2. 4" 7Y

2.1 DDPG &112|&

733} 8H<58 MDP (Markov Decision Process) 7]Wte] 2| &3}
Naat FE Aest Adel ARBEeE Adet QsAs 716t
o] 7|AIBks darelE F shuolt. 43t sh5o 71 e
Fig. 1014 Yephdl A3} Zro] 24| 74 (Environment)i} ofjo] 7
E(Agent)= =] ot ool HE= A e (State)S
Z(Observation)stal ¢ €]2] 35 (Actionye AEIgtct. of uf gk
7 oflo]EA Kk (Rewardys =1Lt AElE HERHA
Sk o TN ool AEL A&Hel AYHOE Hou

> Agent frm—

&

State Reward Action

N

4’ Environment Gt

J

Fig. 1 Basic structure of reinforcement learning
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Table 1 Hyperparameters of DDPG

Hyperparameters Value
i Learn rate le-3
Critic -
Gradient threshold 1
Learn rate le-4
Actor -
Gradient threshold 1
Sample time 0.05
Experience buffer length le6
Discount factor 0.99
Agent — -
Minibatch size 64
Noise variance 0.6
Decay rate of noise variance le-5
Training Max episodes 5,000
process Max steps 100
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Table 2 Quarter vehicle model parameters

Parameters Symbol (Unit) Value
Sprung mass my [kg] 365
Unsprung mass m,, [kg] 43
Spring stiffness ks [N/m] 24,000
Damper coefficient by [N-s/m] 2,126
Tire stiffness k; [N/m] 243,000
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Table 3 The value of the random road parameters

Symbol (Unit) Value Symbol (Unit) Value

v [mls] 20 62 [mm?] 300

ny [m1] 0.1 p [m™] 0.45
G(ny) [m?] 256 x 106
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Fig. 7 Results of random road

Table 4 RMS reduction percentage of sprung mass under random
road excitation

RMS Reduction percentage [%]

Controlled Controlled
Controlled (PID) 1y ypG; Bump)  (DDPG-Rand)
Displacement 19.1781 -16.4384 50.6849
Acceleration 27.4627 16.3753 93.1485
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Table 5 RMS reduction percentage of sprung mass displacement
under bump road excitation
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Table 6 RMS reduction percentage of sprung mass acceleration
under bump road excitation

RMS Reduction percentage [%]

RMS Reduction percentage [%]

V[ilﬁﬁﬁ]y Controlled (PID) (ch)%nct}r-ﬁl;ip) (DCDOI?g?Ililzgd) \[th]y Controlled (PID) (D(I:)(;’n(t}r-(]);fip) (DCDofr’lg?Ililzgd)
15 10.1046 34.8083 34.1317 15 20.7057 64.5131 83.6572
30 19.1816 23.4568 44.1296 30 31.5066 27.4802 85.1189
60 19.7987 -48.9933 40.2685 60 28.5436 9.6335 78.9815
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Fig. 9 Results of sinewave road

Table 7 RMS reduction percentage of sprung mass under sinewave
road excitation

RMS Reduction percentage [%]

Controlled (PID) (D(lj)(l))n(}tr—?;frcrllp) (Dcl)ol?g?llalzgd)
Displacement 17.1518 5.4054 69.2308
Acceleration 5.2941 2.3529 86.0131
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