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& 510l A= DQN(Deep Q-Network)S 285101
CHE 719 SHE H01E 2ot A3 AZY 22 E
B H5S SMGIUCE AIZ20[H0IM 5
#12= (0,0, 10022 HH5t1, A= 8,000 kg, S
M5 EE9.81 m/s"2 7H4SI%LE DON 0| HEE
500 Of| | A S SOt 5510 Bt Hab 1950]
LELSIACE PID A|017]2F2] H| W 0j|Af DN H|017|=
AL AIZH0.5%, HREAIZE35%, QHAE 0.5 %S
725191, PID 07 |= 242+ 0.47%, 3.8, 1.2 %S
HACH A RMSEO|A|E DONL 0.0322, PIDC]
0.0458CF 2434t O|Z S35 DAN 7[5 A|017 2]
Skt Y M0 YSEUH, 7| A Of

=O0M2| 88 7ts8 5 BRIttt

In this study, a deep neural network structure using
DQN (Deep Q-Network) was designed and analyzed for
anti-submarine helicopter hovering control. The
simulation set the target position at (0, 0, 10) with a
mass of 8,000 kg and a gravitational acceleration of
9.81 m/s%. The DQN agent trained over 500 episodes,
achieving an average reward of 195. Compared to a PID
controller, the DON controller recorded a rise time of
0.5 seconds, a settling time of 3.5 seconds, and an
overshoot of 0.5 %. In contrast, the PID controller
showed a rise time of 0.47 seconds, a settling time of
3.8 seconds, and an overshoot of 1.2 %. The DQN
controller also outperformed the PID controller with a
lower average RMSE of 0.032 compared to 0.045. These
results demonstrate the DON controller's effectiveness
and stability, highlighting its potential for aircraft control
applications.

A= QHIEQ|A(Deep Q-Network),
SH{E A|0{(Hovering Control),

CHF &7 |(Anti-Submarine Helicopter),
235k (Reinforcement Learning),
PIDA|O{7|(PID Controller)
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5 A7) Aol A Be) He e BA ST AR ok FaT
AdTZ Pt o] HT 79 aHAQ &2 HA= B
o T A7t Dol AL A3 A5 7le HHor 4
Z 733}8k<5 (deep reinforcement learning, DRL)©] T}QFSH Hof
oA FE&1 Qlom, £E3] DQN(Deep Q-Network) 7]¥H9]
+Ho] oS MEL 7te 8= €1 Uth & A9 542
DQNZ &3ttt @719 3 Ao & Ft AF AAT 2
E A, o] & Fl 7€ Ao YHEG FHH o= ==
Sh= Aol

71&9] AFE2 DQNT 7B 45 A3ets S Es &8
8 gt Aol wAE A L Al =R . Mnih et al.(2015)
< DQN<Z &3 Al &34 52 AHE HofF AR,
AA FE5710 E7] Alojet 22 ST AIA” digt A& 75
Aol gist =9= BEJH1]. Lillicrap et al.(2015)2] DDPG &
1 EL A2 FF TN A 9 St 7HsStA Ao, o
A7)t Z2 A A AHA Y YT e S A=
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o] sAC ¢1FE2 AME B Ao, UiF
ad7] 2 g9 &
Folth(3].
Kakade and Langford(2002)2 ©4-&8 &
£ oFr BT S 0A 9 45 AstE A A
ok o] EAl= t& A7) 9 549 S0 H& F
=& 4 Qlt}H[4]. Duan et al.(2016)2 DQN9] A
£ 884 BAE A2 eH, ol "& 7] Ao
of & = H}A 7t Ft[5]. A H O 2 Zhang et al.
(2020)2 25 Alofo tigt A5 Aotetso 482
Ao}, g A7)0 S4S neiw meYo) =
Zaho] A7) 48 A] 4% A5t S EHe].
olEe ATEL WelBH THY Aojo] WA 7}
538 EAFA, A3 4R AL AE 5
o] 4 7} 4do] B R 5}t
& AFolA= DN 7|Hte = o
Ao} AlA"S A RgEth. DQNE
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2.1DQN2] 7/j o

DQN(Deep Q-Network) 7435}8h<59] 3t
Z, Q-4 (Q-Learning) &1 g & A
(deep neural network)d} Agtslo] AEf -3 5 714

59 Q@ A BRIt HEH Q-

Q-2 ool HET 54 A solH BF aF
Aest, 1 2%z B4 rE wob th A s
2 7old 1 -2& Aol e FH 0B A5
oh.Q- @ Yol EE 4 ()3 Zo] FAHG

rt + )/maXa Q(St+1’ a)

Qs a;) < Q(sy,ap) + a(—Q(St a)

)

o] 71 A, a= &5 E (learning state), y= TAAF

(discount factor)©| t}.
DQNYA &= Q-g< A

A ()t ol 2T 4 3
Q(s,a;6) = Q(s,a) ()

o714, 6= A2 75 A o]t

23DQN ¥ FY +4 84

DQNE T 9] F8 T4 84 F o] o4 itk

2.3.1 3 &9 o] (experience replay)

2.3.2 B}l Y E @] H (target network)

ok

DQNOIAE F 7o Y EQ DS 8T St
A7 Q-3e drolESE H ABHE £ YES
3, ohE shbe Q@Y BAS A4ste o A48
LA YEYIlt HAYENLE 93 7712
Y EYLY 5 S BAsto] duo =gt
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2.3.3 Epsilon-Greedy &g A=

oMol HET} Q-FE sH&ste B9, R4S FL
g 38 e YUHOR gaylE HHel
270 F219) BE-S wol A sto] chapat Al
2 gaeta, ol AFH whet H 4 YELS A
SRS LR

2.4DQN Y S

DQN ¥1HEL e 2 e AR AL

2.4.1 27|35}k

F U EILt BHA YEYILE 2795, B4
gl & ol WxEE 27| 5ot

gl o] v &2 of] Aoty
o ZEdeloA MEFs vy mMAE
]_

T
* Q-grS 9g o] Edtt},
© BA YEYAY AENE F YEYIY 7}

SAZ Gl EFH(F714).

2.5DQNY| 45+ 1

DQNY| 84 o) A Ael s, B5 a
el 52 Ao 1, Q-] Aol L A

R
1 G) 2
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L(O) = E [(y + max,Q(s,a;67) - Qs. ;)] (3)

o &4 BB HasAoH] A%, AFIE ol
£4 F42 AL, A%t

2.6 DQN2| A& 5l A}

DQNE chopg 2oko A JFH 02 B g5 o] %
oh. B9, Atari AQT 2L BT BANA Az
429 45 TAHT AT AT B AP AL
DQNE WelFE BH 7 Aofo] 2 85te], v 4
58 ALY M Aol H5e FAA 7 1A T,
DQNO B4 FEstel gto] et Aol S A
ASHIL, 7129 PID Aol 719 A5 Bl FOZHA,
DQN 7|4 Aol S EH S AZT Aol

I ol & M MFOL & AFE DON

APS-

Ed o)A AL =517 Yo MA TLAB/Slmuhnk
2} Ppython®] OpenAl Gym<& &-&5t3t}. | FH
ol 51 BdL uAY Ae PYHo B,
A QA AF 5)S ZTF5to] A A9 H|FY
He ZA. deEFEe 54 2E2 4 (9)F
g 4] (9)] vhetdl vhel go] H el

O

X =v, 4
y=10 ©)
Z =10, (6)
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1
Uy = E(Ec +Dx) (7)
. 1
Uy = E(E +D,) ®
b, = = (E + D, ~mg) ©

o] 7] A, >‘c,y‘, = Y FH A, Uy, Uy, 0 S,
Fy, Fy, Fy= Aol 49 (5, PID Ao} 4%), Dy, D),
D= 94%5 Uetditt. o] 2de A FEHI BE
A21(0, 0,10)°1 A FtFHOE SHHT & =S
A A = A .

2 Abel7] 99 vkt SR of
9 AT L et 2ol

Zrw=[0503,0]24%
=[0.2,0.2,0]2 47
Z A=[04,0.3,02]2F7] f=
of A|Zto] utet M5

EG, WY o] 28 Fo1oko] A UYL

D=W+C+A - sinQrft)+ N (10)
o 7] A, N& H4o] 0ol EZHA7} 0.19] 794
b -o]=olt.

3.3 A& ol F2

AE o] 42 DQN oo HEZ} WelFe o 54
d3 rAgsts TR A4 ol dE

@A S BRI, HA ) BFS Adstel ok
& gels Holt). o] WYL theT 2L wAR
T4

3.3.18H3 273}

AeFE Y 27] X% SES WY, que

rr
mSL
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il

El7F ZE A0 2 o
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DQN A[°17]9] 455 7]1&2] PID Ao} 7] <} v il
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stol, ™ Alojo] YojA o] Foye EE et
PID Aloj7]E 24 H o5& 483l A3e
3he, 2k A017] 9] 4% A E S ¥ ke,

34445 AR

AP 452 Frlot] Hol o33 2 A RS

CELS L

B S5 A0 =2 wfj 7R o B Ay

=

7
© A AR ER A0 =gt o 2Ele Al
s

* LHRERE A E 20T FHH A 2

* RMSE(root mean square error): S ¥ 9| x| 2}

o] gt A=
ol#g A EE S DQN ¥t A0)7]19] d5&
AFH oz ZH5HaL, A FE ¥ Alojd ot
719 E 371 Aol

4. 0% Az 24

414944
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Sl oS BAHSHAY. Z g aEoA A FE
L 2% 9H(0, 0,10)°] =&3}7] 93 PID A0} 7]
¢} DQN #0171 9] 45 Bttt A &
% e AREe T B, A5 AL, BF A
1t

e
, Q¥+ E RMSEo|t}.

DQN Ao}/ BEFH o ST L AL B
%tk DQN Ao}7] & sH 270 HAbo] Yoo
W, skl Aol et Bl Srhste AL
59t} o= DQNo| B4 FAFL Q-4
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Table 1. Performance of DQN controller

Pgrfgrmance Values
indicator
Total episode number 100
Average total rewards 198.5
Average rising time 0.52 (s)
Average settling time 3.5(s)
Average overshoot 0.5 (%)
Average RMSE 0.032

PID A0]7]= I H o] 55 A&t AdS A
ol g7, AT the T} 2. PID A 0]7]E ] A
A AR s EAAT, DQN Ao} 7|2 v L
S ) H QW FES RMSEY} U £ AE e
et
Table 2. Performance of PID controller

Performance
i \EIIVES
indicator
Total episode number 100
Average total rewards 190.0
Average rising time 0.47 (s)
Average settling time 3.8(s)
Average overshoot 1.2 (%)
Average RMSE 0.045
4.4 5 H|al

DQN3} PID A|0}7] 9] 52 vl @ AT b
3} 2tk DQN Ao} 7] W & HAFo| A oF 4.74 %
MAE RO, QuFENA 58.33 % 7h4sto] o
AR Y oS BTt ¥, A5 A

A5, o] =

DQN Ao}717} B AolAL A% BA
DQN O] B4 Thg o] 4 AT A0 84

i)
=
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Table 3. Performance comparison of DQN and PID con-
troller

Average total rewards 198.5 190.0 +4.74 %
Average rising time 0.52 (s) 0.47 (s) +10.64 %
Average settling time 3.5(s) 3.8 (s) ~7.89 %
Average overshoot 0.5(%)  1.2(%) -58.33 %
Average RMSE 0.032 0.045 -28.89 %

4.5 Al o] d a3 24

DQN A o]7]¢} PID Ao]7] 9] &
H

571 918l 2t o 7 £ =0 K 9] WAFE A ZH35t e,
DQN Aloj7]9] A 4L 27|o= H&/gol 2
Ak, ool Aol e} g H 0 2 Fohal A
FE EAUT. ¥ PID A oj7] 9 A FAHLZ A
Hoz P $AHA. ol DQNo] &3
oz @7g sheata A 2ol YEL Folrt 73
2 wrejaint

2.0 I

. ol

1.0
§ 0.5
g H

<os| | 1] | v ,

L [H '“ ’ |”u| IIHII' MNUH i }

1.5 |
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Fig. 1. DQN learning curve

Fig. 201 4] DQNo] Th& AJoj7|®e} o w2 &

Egkol EYetE AL AW 4 Aok £ 4Y A
2 %3 DQN 7] Aol 717t A FH 2 Ao
of glo] PID Ao]7] Bt £.53 45 EES 3
95t T DQN Ao} 71 Wi & B4, RMSE, &
HAEA S AME BEOH, AFAA YL
@A dero 2 374 4 9l
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Fig. 3% ThFSt H7h A B S SUH 02 Tejsto]
7 Ao} 713 ©] 4% B aH 1 xolc}. o] 1
2E 53 DQN 7% Aol 717 o A% A Zol A
q%]ﬂﬂiqo*d@ g HoleX g A
o2 BHY 4 ek B Ao] A2g A 9
o, 13@ A A% Hlae H29] Ao] 7y
2 Q98 o 328 2747 At oledt Ane
g A3 2o BEe #7404 DQN 75 A

{717} A 0 2 &84 ¢ U= AR

Traditional control
—— DQN control

Energy
efficiency

Control
accuracy

Tracking
error

Response
time

Robustness

Fig. 3. Performance comparison by control method

5.48
H 7o) AL DQN(Deep Q-Network) S 7]5Ho.
& ote deFEH ¥ Ao AA"EE dA st
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11745 = 71&9 PID Aloj7] e} Bl WSt A9 4
I}, DQN Ao}7]= B+ & B4} 198.5, B+ RMSE
0.032, LHFE 0.5 %S 7| =35} PID A|o]7](H
o & B4 190.0, RMSE 0.045, QHFE 1.2 %)

3] 258 452 eyt 53] DQN Aloj7| L
Q¥#ENA 5833 %9 A4S HPow, o] Y
ZEHY A THPF S AT TN 8 4LE Z
235}t}

DQN A|oj7]= st I oA thget A=
Aot Q-#l= YHClET o2 H, eto] Z
o] A5S ¥3]5tgich ¥ PID Ao} 7] = 14
Eo0g ols B35 u|g A A9 Ao B

£ ATFE Bt o]23 23= DQNo| H[ A

A A Ao A 9 Alojo] &I S A AFRIT

FF AT A= DQN Alo]7] 9] A4S %07
olaf thorst olet 27 9 34 #WIE Has AT
Y o oltt. £, DQNO sho] ¥ uf2}r] E
Y ol thokst A= Al A 2xo] g5t Ade =
A Aol Je& &L AYoltt. HEo], A
7t Ao FEL 9% AFshE DQN B AT 2
A B2 FE ol 48 7ML B stol, di &
W 22 AA ALY HEAS A3 ool
olHT A= e FE S P Aloje Wit

USL

2 A
0

- P o
2

ol

e

Lo 2> 9 4 ogle do
N

Journal of the KNST

KNST

oF e}, choket G871 Aol A2 8 7Hs A
2 AN Rolth.

s

A gAsS

[1] Mnih, V., Kor bak, T., Silver, D., & Rusu, A. A. (2015).
Human-level Control through Deep Reinforcement Learning.
Nature, 518(7540), 529-533.

[2] Lillicrap, T. P., Hunt, J. J., Pritzel, A., Heess, N., &

Erez, T. (2015). Continuous Control with Deep Reinforcement
Learning. arXiv preprint arXiv:1509.02971.

[3] Haarnoja, T., Zhou, S., Hartikainen, K., & Levine, S.
(2018). Soft Actor—critic: Off-policy Maximum Entropy Deep
Reinforcement Learning with a Stochastic Actor. arXiv preprint
arXiv:1812.05905.

[4] Kakade, S. & Langford, J. (2002). Approximately Optimal
Approximate Reinforcement Learning. In Proceedings of the
19th International Conference on Machine Learning (ICML),
267-274.

[5] Duan, Y., Chen, X., Houthooft, R., Schulman, J., &
Abbeel, P. (2016). Benchmarking Deep Reinforcement
Learning for Continuous Control. In Proceedings of the 33rd
International Conference on Machine Learning (ICML),
1329-1338.

[6] Zhang, Z., Yu, J., &Zeng, Z. (2020). Deep Reinforcement
Learning for Robotic Manipulation: A review. |[EEE Access, 8,
100478-100490.

2024; 7(4); pp. 469-475 475



	DQN 기반 대잠 헬기 호버링 제어를 위한 심층 신경망 구조 설계 및 성능 분석
	Abstract
	1. 서론
	2. 이론적 배경 및 알고리즘 설계
	3. 시뮬레이션 환경 및 실험 방법
	4. 실험 결과 분석
	5. 결론
	참고문헌


