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[Abstract]

In urban air traffic systems, precise landing control for unmanned aerial vehicles (UAVs) is critical when navigating within
cities. This need becomes particularly urgent when satellite navigation systems, such as GPS, are compromised by radio
interference or physical obstacles. In such cases, an independent computer vision-based proportional-integral-derivative (PID)
controller must be used. However, the conventional Ziegler-Nichols method struggles to adapt to rapidly changing environments,
making it challenging to optimize the tuning performance of a PID controller. This paper proposes a reinforcement learning-based
method for tuning PID controllers to enhance the precision landing capabilities of UAVs. The UAV's position control performance
was tested under various wind conditions, with the reinforcement learning approach achieving more stable control and lower error
rates and mean square error values than the Ziegler-Nichols method. This study demonstrates that the reinforcement learning-based
PID controller tuning method performs robustly in nonlinear and unstable environments, ultimately improving precision landing for

UAVs.
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Table 1. Ziegler — Nichols method
Control Type K, K, K,
P 0.5K, - -
PI 0.45K, 12K, /T, -
PD 0.8K, - K,T,/8
classic PID 0.6K, 2K, /T, K,T,/8
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Fig. 1. Reinforcement learning PI controller tuning
flowchart
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=

4-34% 27

E A= UAVZE rAE a2 4317 3]
A9l 715 1v]E x 1vH2 A4star, UAVE] 27] A1
AAE vAZRE 3vE x 30E =7]9] FZF el =)
Q= Agsink oleidt AL UAVZF thdl 27] 270
A wHAE ERE L FAE 5 RS 8] fgelth UAV
9] 1%+ MAVSDKE &-83le] 20nH= HdAs & o|F
HES FHEIRlth o5 Bl UAVE dAg akeo A kg
Ao H|ehs AZSHA HH, vl E B8k 48 = Q)
EE o 83 WAL "ok UAVZE RHAE 8§18 &
UAVSF vlA 7he] A7l ztolg AXkehH, ol& 7|Hte =
UAVE vlA 9ke] Ag] 27} 00] = A o2 FEdit) o
2]ek W2 02 7} Tuning WS o83t Al 2ks &8
% S Tt

4-4 Ziegler-Nichols PID A|0{7| £ &t

£ A= Gazebo AlEH01A oAl UAV AlZ~H]
9] Ku¢} Tu #& =43} Ziegler-Nichols 71 W21S &
oz Hgshs WHS AAIBILE 23S WA Setpoint
= 9H HEZ Al UAVZE 58 A4S g obgd 2z o
2 o]F3tES I3t o] Kp #hs AXIA o= S7M7IH
A1 UAVE] W3S #Zegith Kp #S DA o= F7HA
71 B¢ UAVE HEE X &s)A ZUEHsI a1, UAVZE
53s7] ARshE Al S TRetalgitt. o] Aol o] Kp ¢k
4 Kuz 7|1E8k3 ) Kue UAV Al2dlo] 158 A1 213k of
o] vl A gro=, A -y WA Fagh gt
Eolrh zlEo] Az Folli= UAVZE 8 7] &<t 155
+ o A AR S48t ol& flEl UAVE 3t W
sk Al wt 7)58tkar, F1A o8 wkREE e |
S BAEIH o] B Tl 3 U] Tk AT Al
TuZ E&sPom, Tus Al2gle] F7)13 o WiEshs
715 HER= A F QL grolt). o]¢} 22 A3E F3) 4

o

http://www.dcs.or.kr



oL

o

s Kugl— Tu 3 4o, F19] Ziegler-Nichols 4
&3to] UAVE] PI ZiE%Ei e S AAse

)

4 |— Emory

100 A

o

—100 4

Error Y{Pitch)

—200

50 60 70 80 90 100
Time (s)

18 4. Ziegler - Nichols Method Tuning Ku, Tu &d
Fig. 4. Ziegler - Nichols Method Tuning Ku, Tu
measurements

EH
=

4-5 Reinforcement Learning PID A|0{7| £ &

B Ao M= UAV A|2Ele] Pl AEEE F4dS 98] 4

H-=29(A20) el #-88ke] 49 Kp 9 Ki se}
MHE &Sl UAV EE PX4] v Aot 4 o

Ag Zdll I & sz_iW o= Aojstara} skoict. A¥
2 Gazebo AlEdolA A Fa=l o, o= AA
PX4 Agllefe] 52t Z:Zia Al EHAl Wk stes AA = Sl
73818k dlo] HEE= A2C LiE]ES AHE3sle] Pl AESe
o] Kpst Ki stebrlele A4s=s $asgla, UAVS] A

woll mheh BAS W= WA 0= Shge] Atk Gazebo
273 UAVS] A 5oista} Aok 208 Adsle) 5& 3
S Fdo] 7kl shglth ok e 40 iR
T AES 109 WHEshs Alow ojfojgon], 7} wks
ol UAVE 4071¢] OﬂJlACE et Pl AEEe] 9] 9t
S 2483l A2C darg+2 UAVE Ass B7t
3L HALS Folaln], o]F |uko. sehuEE ¢ldo] =}
k. w3t UAVZ} theat 27] 208 498 5 e )
oF = Al Al £3m RHelA s wiAIshs s
ASSISIE, OJEIE Hte UAVZE H fiist el
g o Sra 5 gl o) mule) BR1YS )
Hom, sl wstel A QAL B W5 s 5
& % 9w S,

Reward for A2C PI controller Tuning
38 5. A2C 24t sk J2i=
Fig. 5. A2C Reward Learning Graph
http://dx.doi.org/10.9728/dcs.2024.25.10.2979

2984

=2X|(J. DCS) Vol. 25, No. 10, pp. 2979-2986, Oct. 2024

4-6 A7 ZatH|w

B Aol e 29} :30A e o] UAVE] 914 Ao
o] theksl & Zo|A] 7Feleks vkalo] A Fe-U =
2~(Ziegler-Nichols: Zieg) WA BT} 9-raltte AS, 43
< T3l E1sIGIth UAVE AAE 531 A -l A g2 o
2 A5 A5 e, UAVE Ao A
A8t

A, UAVe}F m}7] 7he] &) 7Fsg AEQl £300cm U]

]H UAV?] 9x]3= 2A]7FC 2 Pose estimations %53
J= Atk SA4E Age 531 A (Ocm)ollA o] Hojehs
F2 3Hksto], UAVE] 912 S 7k d) 714
. Root Mean Square (RMS) #S AHE3sl] UAVE

FR|5FeI o, RMS gho] S-S5 UAV )
% LPE}LH“E}

[e] 1=}
Lc; = Xgaol:le—o—i o

ol = _11)]1

do {0 o
N'%?,F{Eo

Ni

E 2 Z 13 (Cross Wind)
Table 2. Table of experiment results by environment
(Cross Wind)

Tuning with RL (ours) Tuning with Zieg
Wind Speed

Error(%) RMS Error(%) RMS
0~2 m/s 6.1 37.5 10.4 92.4
2~3 m/s 6.6 40.0 141 89.2
3~4 m/s 12.3 50.1 22.0 147.8
4~5m/s 14.5 51.2 - -
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Table 3. Table of experiment results by environment

(Head Wind)
Tuning with RL (ours) Tuning with Zieg
Wind Speed
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