sh=rge ety =2 A Al14d A6S 2010 12€

NS Fne)ES o83 UAS AlojAs: ANT A% 24
X2

UAS Automatic Control Parameter Tuning System
using Machine Learning Module
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Abstract

A automatic flight control system(AFCS) of UAS needs to control its flight path along target path exactly
as adjusts flight coefficient itself depending on static or dynamic changes of airplane's features such as type,
size or weight. In this paper, we propose system which tunes control gain autonomously depending on change
of airplane's feature in flight as adding MLM(Machine Learning Module) on AFCS. MLM is designed with
Linear Regression algorithm and Reinforcement Learning and it includes EvM(Evaluation Module) which
evaluates learned control gain from MLM and verified system. This system is tested on beaver FDC simulator
and we present its analysed result.

Key words : automatic control gain tuning, machine learning, numeric prediction
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Fig. 1. Block Diagram of proposed system
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Algorithm : EvM(Evaluation Module)
input : AC state Info., new tuned control gain

output : signal if MLM runs or not.

begin
initialize error threshold

receive tuned control gain at time T
calculate error from AC state Info. packet

if error is greater than error threshold
signal is 1

else
signal is 0

end if

end
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Table 1. The list of initializing state for airplane
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Table 2. The flight mode

g UAS AloAl Az As 27

Ao} F7t | mode a9
PAH | A7 A Blg=E
e ALH | 3% §A HgRE
— ALS | A< HI8) A vgRc
GS glideslope
RAH | 27} §X Hg&
- HH H]—zﬂ: o ;(] ]:]]H(E
° LOC | Approach mode
NAV | 25 Aol =

E 3. O8Y Q4

Table 3. Error value of each roup

>~

Eat! 879

A WA A= 7)A FA 2288.2Kg 02 Al EH 0]
S gt o)e gl | el ARE o]F 54
HAE AbsH A o] A 25l o] Ao AlGE Bl5ate]
22 HF A7) Hlaske o] dtk 2719 KE
2 (5)2 d7gste] AYet A7} wlolE R 13} 8453
o 4 (6)% 22 el Ao A AL 43
o] T Ag Aoz FYPg A EH ol Are 19

49} o] A3t

g 8

8
-
=

Altitude{meter)

g

Group Error Group Error

1 0.019 5 -0.016

2 0.013 6 0.025

3 0.008 7 0.007

4 0.018 8 0.022
Aelgl vle) 2= WKheading) S LA A
oA 1EE FABIES df= HISEEQ] PAH/

K=—10.001375*% V*+0.1575*% V— 4.8031 (5)

7189 Alo] AFE A5 2 FHZ 29
eiA] AoE Falolth 99 £2418 &5 g

o ARE3h= £&(V), 2AKerror), AFolo]y
Froll tigk =202 MRS & vle) A& oS
o} AJEH o)A AJZHE 5000%0]H o] AJ7HEeH 3
g HolHE 7Eo R sy daugEs A

K=a*V+b*error+c*y+d (6)

2(6) Ao Aol gk Az Tdo] FHm, o]
524 7} 3k Al A (2)Y Bo, BL, B2, B3IE S5
3t Azlo}l 2

Experiment : over weight
7)8 A 2288.2Kgol ™ SHES
A= 2831.15Kg7FA] o] T}, 7] 2288.2KgE 3500Kg 2
2 WAR F olo] B Ao} AFE S3he ]

3ol

o
XN
ol
ﬂ?
BN
4

8
/

P P P \ \
0 600 1000 1600 2000, 2600 000 BED 4000 4500 GOOO
Distance({meter)

T8 4. 7 2288.2Kgel & HSK3500Kgel 7|&H)
Fig. 4. Altitude of weight 2288.2Kg(desired point of
weight 3500Kg)

T WA G 71AY FAE WA 71A 9
FAE 3500Kgo.Z HAS $ Alggolds d3dst
o FAYR 71AlE 1" 59 Zo] 2n gs}7|
ool Alg- 28-S 53l viE) s AlAH Ok
it

o

=
=
=

3}

]_
e

588

Altitude (meter)
88 6B b

g

8

o 50 1o 1800 00 2600
Distance(meter)

a3 5. Al =8 M 27 3500Kge 1%
Fig. 5. Altitude of no tuning gain weight 3500Kg
55 13 533 dolt}. 13 g
A Hoju= 298 & 4 ok



880

g

Altitude{meter)

5 % 8§ & & 8
\\
|

5
£ &
o

I’
&

B
#
<E

F
=

Hlﬂ |[!III ?BI]J El‘]] 2800
Distance({meter)

a2 6. otE 25 18] 8% = 1% H3l
Fig. 6. Altitude of weight 3500Kg after first tuning

a5
&
2
g |\
gt |
.E. \
.u 1
Lamol |
I'\.
455 \ 3
| i -
~
a4 — L i i
o 00 1000 1800 2000 26500
Distance(meter)
(a) HXY X
s

i

Altitude(meter)
g
-d

g

00

0 S0 1000 1600 20 70 SN0 S0 A0 0 50

Distance{meter)
(b) 28
a8 7. 1038 st & E’“ ﬁ N
Fig. 7. Altitude of weight 3500Kg after 10 times
tuning

RE ol&de] 45d A% uA T4 R
g}% A
a3hh

B =7 BASS R(e)= FDCE 53 €5
i) HRIElE § 2802 il A2e ke §
o e & A9E BA50] AP, ¥ 39

& olm ot

Sh=rge)els] =4 Al144d A6E 2010 12€

I
& o
lo,
oxl
N
<
Lo
S,

B3

To & AT Rie)= 0.0129]
fox]
AA

4y B
fi
il
x
o
v}

ox

108) a3 9] Asjole)
B Re) 24 A A3}
Azjoltt. 18 79) ARz
& g 4 9l
= 3 WA 9l Y Aea
ﬁ% BEL 3k 12800
AN Ao] A% 27 A5}
T STk

e
_lo{A UE no{t
g
rlo
J?L'
o>
2}

i

,\
&
ot
o
ofo

mot o
)
2y

Og‘:,"
_|q. o\ o

e o,
oo K
U?_",/é:
3 I
=~
I
e
to

o®
£
>
m oXx
:i

> B
) my >
A
_‘_] o
o ofk
> =
ro
>
ni
::‘
o

N
>

R i )
SIS

2
r{r
o)
o
SN
ro,
et

V.2 B

thokst EAo) oy UASs SAo] A4 7153
AFCSE AAsta 7837 YA Ao AFE =}
oz zAFE WS o&ddt 7129
trial-and-error WPH O QX @lelo A At A2
= A AFE Zj%%}oq A B PAE S SEE 5}
= WS Ak vg A4S shofof s, “H—roﬂ

J

2o ngs PﬁLf&E} olo]] AT 2 AAAFE
23 W] AF7EI oy g daeE
AA7E Be AL HES 278k 1o UASsY

AFCS #-g-5}7] offrh

B =FoMs LRY 2485 (Reinforcement
Learning) S 283 MLMS A|2ts}al o] 53| Ao
Agd A5 285 FH8A 7IAY 54 5 54

& A oo R ST FH AAE REE Ao
7:",/1'\_% Z} zxé—g}oq ]/\Eé]oﬂ ZLC.L%]. gyjr 7]}_
2102 ZAE S ol Hlste] Azkolu) H
el A E&AQ A AT 5 A &
Fuelze WA A2s S0 B
lEfsol st S AF O K32 o
o A A% FFsd
TAA ARRME MLME B3 AHs o2 Ao
o] zAo] 7FsstAl FozM 7IAS A7 F

Lo 71418 BA4o] wiglsirjgte wold 5
= W%Q I A= AF v Alo] A|2HS T



3, $E% A% daEEe ol8R

pud

[1] B. C. Kuo, Automatic Control System SEdition, 1991.

[2] L. N.Long, S. D. Hanford, O. Janrathitikarn, G. L.
Sinsley and J. A. Miller, “A Review of Intelligent
System Software for Autonomous,” Proc. of the 2007
IEEE Symposium on Computational Intelligence in
Security and Defense Application, 2007.

[3] M. Pearce, R. Arkin and A. Ram, “The Learning
of Reactive Control Parameters Through Genetic
Algorithm,” Proc. of the 1992 IEEE/RSJ Intl. Conf.
on Intelligent Robots and System, Raleigh, July, 1992.

[4] C. Ko, T. Lee, H. Fan and C. Wu, “Genetic
Auto-Tuning And Rule Reduction of Fuzzy PID
Controllers,” 2006 IEEE Intl. Conf. on System, Man,
and Cybernetics,October. 2006.

[5] Y. Abe, M. Konosho, J. Imai, R. Hasagawa, M.
Watanabe and H. Kamiio, “PID Gain Tuning Method
for Oil Refining Controller based on Neural
Networks,” Proc. of the Second Intl. Conf. on
Innovative Computing, Information and Control, 2007.

[6] C. Lin and C. S. George Lee, “Reinforcement
Structure/Parameter Learning for Neural-Network-Based
Fuzzy Logic Control System”, IEEE Trans. on Fuzzy
System, vol. 2, no. 1, February. 1994,

[7] J. Lu, O. Ling and J. Zhang, “Lateral Control Law
Design for Helicopter Using Radial Basis Function
Neural Network,” Proc of the IEEE Intl. Conf. of
Automation and Logistic, August. 2007.

[8] R. C. Nelson, Flight Stability and Automatic Control
Second Edition, TMcGraw-Hill higher Education, 1998.

[9] A%, ©]F4d, “The Self-Tuning PID Control
Based on Real-Time Adaptive Learning Evolutionary
Algorithm,” L e-7/ 7] 8}8] =%, 2008.

[10] FDC 1.2 - A SIMULINK Toolbox for Flight

FUAS AloAl QA s 24 Al2H 881

Dynamics and Control Analysis

[11] . H. Witten and E. Frand, DATA MINING
Practical Machine Learning Tools and Techniques
Second Edition, Morgan Kaufmann Publishers, 2005.

[12] D. C. Montgomery, E. A. Pech and G. G. Vining,
Introduction to Linear Regresson Analysis Fourth
Edition, Wiley Interscience, 2006.

[13] S. Russell and P. Norvig, Attificial Intelligence A
Modern Approach Second Edition, Prentice Hall, 2002.

2004 29 : Skt

200613 29 : F=rgista

AL CASE)
L DR} YFA2PAZE,

\

71AI8kE, Al AlLE

T 1 bl
19951 3 ~&A: =gt
FF A REA

 PFA 2 LT E o),

Fault Tolerant, OS



