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Artificial Neural Network

Deep Learning

« A mathematical model or computational model that is
inspired by the structure of biological neural networks.

= ANN consists of artificial neuron units with weights
interconnections.

input layer

hidden layer 1 hidden layer 2

A statistical machine-learing approach based on
deep neural networks that attempts to mimic brain
architecture for learning.

*  Methods : FCNN, CNN, RNN

Teature extraction classification

Reinforcement Learning

Deep Reinforcement learning

= A framework that shifts the focus of machine learning
from pattern recognition to experience-driven
sequential decision-making.

= Algorithms help machines conquer tasks through
repeated trial and error. =

OBSERVATIONS

| REWARDS

ol

ACTIONS

AGENT

+ A reinforcement learning algorithm that combines Q-
Learning with deep neural networks to let RL work for
complex, high-dimensional environments, like video
games, or robotics.

= Methods: DQN, Policy Gradient

Environment
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Training: Test:

Previous frame

Frozen wéights Current frame
tracking output

Current frame

& 15, Network Learn generic Object Tracking[4]

@® Deep Learning (DL)
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» Deep Neural Learning = Deep Neural Network 2t & 3h

Patterns of Local B8
Contrast

Features [idue

Output Layer

Hidden Layer 2

Hidden Layer 1
Input Layer
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@® Reinforcement learning
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O Decphin Auxiliary Tasks
® Live Play

Pixel Control

Value Function Replay

Actions Value Function
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= 19 Constructed environment for first experiment: (a) its workspace and
(b) its configuration space.(2d =, 2007)
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(a) Cafe (b) Testbed Environment 1 (c) Testbed Environment 2

= 20 Benchmark environments studied in simulation(a) and experimentally(b-c)(Faust et al, 2017)
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(a) Training environment - 23 m by 18m (b) Building 1 - 183 m by 66 m

(¢c) Building 2 - 60m by 47m (d) Building 3 - 134m by 93 m

= 21 The environment used for the indoor navigation tasks in researches by Faust et al.
(2018) and Francis et al. (2020).
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(a) RL-RRT and SS8T in Map 1 (46.1 x 49.5 m)

(b) The Fewh robot (c) Trectory execution of Fetch in
Map 2 (46.1 x 49.5 m)

=l 22 RL-RRT map and the robot in a research by Chiang
et al. (2020).
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Task Assignment
- Start and End locations
- Vehicle Constraints
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H 16 Variation of rotor speeds to generate control forces and moments
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MULTICOPTER CONTROLLER

feci i 2 Ya #a Upiten (
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Heading | Uyaw | Speed . DYNAMIC
Y Controller Calculation| |rotor MODEL
speed
Za | Altitude |Utnrottie
"l controller

zZ

Data Acquisition Program

Filtered - ’
Position/State Kalman Filter ( Receiver |

J= 38 Multicopter controller architecture

H 17 Multicopter controller modules and function
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2l 39 Structure of PID controller
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> PID A[oj7]9]
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> o2 siejolele] gt
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p - s
S(gain), K= A& 0|5, Kn= Ul ol52 9u].
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H 18 Response of the different parameters of the PID gain
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MaAzt | esxE | mman | oot L gy
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(rise time) (overshoot) (setting time) (stability)
error)
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Kp Decreases Increases Decreases Degrade
change
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Small No effect | Improve if
Kq Decreases Decreases ) )
change in theory is small
(5) SITL(Software-In-The-Loop) A|=&|O|M
P SITL2 FCE AZEojH oz RASHH Algefo]ld 4ol A8sh= Ui,
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Firmware

Hardware

7=l 40 Hardware and Software/Firmware of Ardupilot

L) FoliE A4 ¥ 2o AZA|s YO|IHME I
(1) Artificial Neural Network (ANN)
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= 41 An example of ANN
(2) Convolutional Neural Network (CNN)
> ANN 7[HHo] ©ho] Tjmzieo] WA, stegoje] ds T A &1 so= ALY
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Convolution Convolution

Pooling Pooling Fully Fully Output Predictions

- *+ RelU Connected Connected
Dog (0)
Cat (0)
Boat (1)
Bird (0)
Z %(/HI'.(/I/ — output)
Y ‘r‘
Feature Extraction from Image Classification

= 42 A simple convNet source
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(4) Zr3t st&(Reinforcement Learning, RL)
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= 43 Schematic process of Reinforcement Learning
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® Deep Q Learning(DQN)
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Initial Requirement

Vehicle Parameters
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AirSim with
Unreal Engine
Platform
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& 44 Unreal Environment of AirGym-v42 with working on AirSim Simulator

(ZH AirSim Simulator
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b 2332 Algste d2l€ A (Unreal Engine, olsl UE4) & 2 42 £2{7210]
EE A 2 oget ol sAlof AR 7HsE
» UE4S &3] AirSim2 7Y Atdo] TiE 2gy 7|&9] Jash vwhAg &85k

b UEA- 23] 7|8t A2, 2% 5%, 5o) i}, A =8 o] ™o T2k, 59 uiey £
v 22 Y 22 Us2 Aled SR ¥ AAlcR Alsold & 4 QleE PX4
o 22 g AMEE= v 745;313 ARgSHo] stegof 9 xS XL
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B0 Als] SF
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P AirSim-& API

SEanENENARnAn
SsSasEsassEasaaNE Feature Map
ANIENANNNNDERnEE

Preprocess

yaw left (3)

forward (3)

backward (3)

W/

yaw right (3)

128 128

64 64
Conv + RelU Pooling Fully Connected

= 46 Current Network Architecture of DQN
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H 19 DQN Network Specification

List Param#
No. of Convolutional Layers 6
No. of Flatten 1
No. of Fully Connected Networks 3
No. of Training steps 10,000
No. of Actions 3
Optimizer Adam
Activation Function RelLU , Linear
Learning Rate 0.000025
Metrics mse
Tensorflow
Library Keras
rl
> UEYS Qe 30 x 100 AElo] EHY.
» 6719] A=FM(convolution)} 3 7HQ] &45] HZAH o]oj(fully connected layer)’} &
gelo] Q.
b o] UEYIO) EAF TUL 127h0) Y Ao 1HE
> 1, 3% 5m/s 52 UFR o]Fe & Qe 671A] Fxlo] A
> v Ztw 15, 30 ¥ 45%0] ofsh &= =2]7] Yol 671K A2 €9
> UEYIO B 752 t3oA &I 4 Jon Al 2= AHYE ARESto] AL
St
i/ collided == True:
done = True
reward = — 100.0
lif distance_to_goal_now < 2:
done = True
reward = 100.0
done = False
’ reward = (distance_to_goal_before - distance_to_goal_now)
= 47 Reward function of DQN
(1}) DONE o| 8%t HAE 4
P HIAE 2 5H2 16Gb RAM % Nvidia GTX 1050 Ti GPUZ} AAF=E Intel i7-7700 CPUY|
A g7jog 48y,
> O3 2FoflA] 10,000 &1 GANA A= EAF Z7FA]o ojgk DON % DDQN 2] H]
TE el b
» o] AFojAl DOQNi} DDQNe| Apo]ie A2 0] 5 ©Aet & 547d2= Qs 79
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= 48 Reward result Comparison DQN and DDQN
b CrS 732 250.000 7Re] B3 THAo]A] AlsRE]= WA} Zto] thst DON @ reference DON
(AirSlm page?] DON @) ZAuE v]wgh 2.
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= 49 Result comparison between DAQN and Ref_DQN ( DQN model from Miscroft
AirSim Page) training on 250,000 steps
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= 50 Tested DQN network result run on 200 test cases

) 32 A&y 2ZstF st Al HO|HE T
(1) A2 AH#&l7|(Path planner)
> 2l o]FAl= AHE +¥2 AAIZ shH, §9] 29l Y]
> 2l HISIA7E 22 vEste 392 VAR 57 |7F &t 1w HBH Khﬁ_’ AL,
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b o] Ait] Brde mstn FupAlol AAZF AR AS AlZsh] b e 7]ukst 7
= Al=1E AHEstle.

(2) B2 A=S Yot =M LS
(7 Anytime heuristic search algorithm

> X A=E A AEG AAF ARM] ¢ FQ% F= AlE A9 4% Anytime
planning ¥1l2]&o0] A&

» Anytime search ¥12}&2 27]0] =2 259 A9 A H=E wer AL - 9l
AL, ARt o} 57 ITH Al F25 WHAE 4 S

» Anytime ¥112]E2 Ax heuristic d12]Es YHAAR Aoz x7] J=27F Add Holx
A% A2 Alsgsto] o U2 =
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(1}H) Anytime Repairing A= algorithm(ARA*)
» Anytime Repairing Ax(ARA*)S L/d9] 7§ g2 AFRSIo] oA 74AHo] vl go] 22 A=



ol 74 ol Tl SasiAl ke B9 mafsl 724 1A
P ARA*= Weighted Ax(WA*)Z¥112]5S 7]gto 2 6}'31 o]
& c183iel 2] B2 At el A

A}
o
> AR FA o] SEEE dudol e YAES JHVt e T

b duelEe gA HYd g dSold ALt ohe el
AU 21 AWK &xbE O7pR] vrEsk
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A

o

Hjo] glojx|H

S Aol AR Bl

Algorithm 2: ARA®

Function Key(s)h:
| return g(s)+ = his)
Function fmprovefath():

b |
2
a
4 while Key(s oar) > min,copex (Key(s)) do
5 s = QPEN Pop()
& CLOSED append(s)
7 forall =" & .'i‘u(:('r:ﬁ.%-'ur(x}l do
= if g(s }l + cost(s. &) < 'ql:.n."’} then
8 als') = gls) + cost{x ')
10 if ' ¢ CLOSED then
11 | OPENinsert(s' Key(s'))
12 else
13 | INCONS.insert(s)
14 end
15 end
16 end
17 end
18 Function Main/}:
18 Set all nodes gis) = 2
20 OPEN =CLOSED = INCONS =0
21 fﬁ'{""aiﬂrt) =10
23 OPENinsert(Sare- Wen(Saare))
23 LprovePath()
24 Choose initial sub-optimal bound «
25 Pulslish ¢
26 while ¢ = 1 do
27 Decrease ¢
28 Move nodes in INCONS to OPEN
28 Upddate all priovity values in OPEN according to Key(s)
an CLOSED =9
a1 LinprovePath()
a2 Publish «
aa end

7% 51 ARA* pseudo code
(chH D+ Lite algorithm
» Dynamic Ax(Dx) du2]5S 7|Htoz A"
heuristic &M 2rv2]59] shLtQl.
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>

Key(s)

1 return[min(g(s),rhs(s) + h(Sseare,s)), min(g(s) + rhs(s))]
UpdateState(s)

1  If swas not visted before

2 gls)= o

3 If(s # Sgoar), Ths(s) = mingegycqs)(9(s") +¢(s,s"))

4 Ifs € OPEN,removes form OPEN

5 if (g(s) # rhs(s)) insert s into OPEN with key (s)
ComputeShortestPath()

while (minse>open (keys(Sstare OR ThS (Sstart) # 9(Sstart)
remove state s with minimum key from OPEN

if g(s) > rhs(s)
g(s) = rhs(s)
for all s € Pred(s)UpdateStare(s")
ain()
9(sstare) = Ths(Ssare) = w;g(sguai) R
Ths(Sgoa1) = 0; OPEN = @
insert Sgoq into OPEN with key (Sgoa1)
forever
ComputeShortestPath()
wait for changes in edge costs
for all directed edges (u,v) with changed costs
Update the edge cost c (u, v)
UpdateState u:

\.DCD“\-IG\UI-F-UJNI—\EM'F-UJNH

= 52 D=Lite pseudo code

(2h) Anytime Dynamic A* (ADA*)
Anytime Dynamic Ax(ADA*)2 Z0]%1 AIZF Yjof| 2]/49] AegAs 5= g
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Qsh Ag 9o
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ojx|9, e FEIt REAoz EAsAY e7o] Hetsls doME agdor F=E

A= 4 9g.
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Age 233,
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Main() Key(s)

1 g(sst(arl) = rhs(ss!art) =00 g(sgaat) — rhs(syuu!) =W E= & 1 If (Q(S) > Ths(s])
5  OPEN = CLOSED = INCONS = 0 § ; return [rhs(s) + €. h(Sgrare, 5): Ths(s)];
6 insert Sgoqiinto OPEN with key(syoa,}: grse
7 ComputeOrimprovePath(s); 4 return [9(s) + h(Sstare, 5); 9(8)];
8  publish e — current suboptimal solution; UpdateState(s)
2 fm,-t'.'um- ; ) 1 If swas not visited before
13 if changes in edge costs are detected 2 gls) = oo
14 for all directed edge (u, v) with changed edge coses 3 i (‘q w g ] s () =i -(c(s s+ (q.))_
17 for all directed edges (u, v)with changed edge costs oA goglJ IS = s'€Succ(s) LA gis))
19 Update the edge cost c(u, v); 4 a.f (s € OPEN) removes from OPEN;
if significant edge cost changes were observed 5 if (.g_(s) # 1hs(s))
increase € or replan from scratch; 7 if (5_ € CLOSAED) )
25 elseif e >1 8 insert s in OPEN with Key(s);
26 decrease € 9 else )
28 move state s from INCONS into OPEN; 10 inset s into INCONS ;
29 update the priorities for all s € OPEN according to key(s)
30 CLOSED =0 ComputeOrimprovePath()
3 ComputeOrimprovePath(s); 1 while (minsEOPEN(ke:y(-;}) < key(SseartJOR vhs(Sseare) # 9(Sseart })
32 return publish e — current suboptimal solution; g E =
33 ife=1 2 remove state s with the minimum key from OPEN;
34 wait for changes in edge cost 1? if g(sg ? "hS’ESg))
g(s) = rhs(s);

13 CLOSED = CLOSED v {s};

14 for alls' € Pred(s) UpdateState(s’);

15 else

16 g(s) = oo;

17 for all s’ € Pred(s) U {s}UpdateState(s");

= 53 ADA* pseudo Code

» ADAx= AAIE & anytime planning ¥12]E = 71A] RRofA APE-E 7HAL
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Tbsgt 2240 g AMo] £2 o whE.
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b Avi ADAECH G2HY 4 9lot} Iefast Ax|n Webt S7Kelo] et ADAsS] AP
AAE 715 sl Thsatn s,

> A FHOIA ADAx= UALY Zolzol izt AlekS 1aishA] fte e o3 ZAofA
due]Eo] UALY AolizollA oAl £2l8 7Hs4dol H =35

rr

AR oA

Fll‘

“JE

mlm
Jo

OZi

(o}) Mixed Integer Linear Programming (MILP)
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(3) improved Anytime Dynamic A*(iADA%*)

AR B8H HR WS 9l5) 712 Q2| ADA+ YL2IZE AT iADAS
£ Aotei9g

> AT LTFY Fa AL ABolH ARVt AT o) ef A

b ol gL Fb WA Aol Qb AL, LVFLS YT 5L oAl FUshE 94
WS AFgstel A FACIA A2 AN WS Folo] of WAZ Yo LneEd vl
N WA S

> E3 1Ol W Agstel HIRAVE UAY ol e 2Rt Aolee st2de o)l
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2 Bt
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AR WA 52 AEA st S
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> AT AR FuelEe ogut 2o WA nu
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AL IAIS] et B g
o AL 1) A g F13ko] Folx
st e

15 AfEfe] F1gtuct AFS U] A B uhS

Initialization

et Eggal = o ®goal ~start

sat all of g vhs of states =0

setrhs el L}

COPEN = CLOSED =INCONS = VWALLS = ¢

OPEN=5_ .
goal

¥
ComputeorimporvePath()

¥

Publish current £ sub-optimal
solution

> e=g—Ag

5 #5
Sart™" gaal Move all staters from INCONS
es A-/E-]:_hkw"“& i into OPEN
— : " Any Changes in ——.__No
Sstart = :'rgm'ms'E,‘S'u.:‘al::_“_ai - " CgsfP f____,:"— ¥
(S pgpg-50+2() TYes CLOSED =2
" v
movetos e=g+hAe
Sty ¥ Computeorl mprovePath()
Remove all states in VWALLS ¥
VWALLS =0 Publish current £ sub-optimal
¥ solution
Updates all changes state cosat

with new cost

Mo

Wait of edges cost changes

= 54 iADA* flowchart

(7hH iADA+S o| 8%t AAIZ A= NAE 2 =Hsie JjM 2
» E|AE ZAut= D, D+ Extra Lite, MPGAA* & ADA 9] 47}x] d112]5-S Ed
vpet Bl w5l S
» E|AELX 16GB RAMO| AAF € 3.60GHz @ Intel® Core ™ i7-7700 CPU StEg|o}S o] &
5to] Ubuntu 16.04 2% AA| AollA 5385132
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2 55 Sample maps used from the map sets for testing (a) maze map (b) random15 map

Maze

Maze 200 10000
200 10000 —— D* Extra Lite
- — D* ExtraLite 175  ---- D*Lite
MPGAA® - 8000
150 a oo Lo
" =
B T 2 B
% 125 1 g 35 w00 £
u
5 o I £
5 4000 =
™ = E
£ % £ E™ £
& 2 :
= 50 %0 - 2000
% 25
-0
" .

=2

2500 5000 7S00 10000 12500 15000 17500 20000
True shertest path cost [map cells]

(a) (b)

= 56 Running times for planning in mazes type map set: (a) Search time and (b) Total time
; in the background the histogram of problems plotted in gray.

2500 5000 7500 10000 12500 15000 17500 20000
True shortest path cost [map cells]

o

Random map Random map
25 | — D* Extra Lite k160 %1 — D*Extralite 175
- D" Lite - D" Lite

—— MPGAA* 240 —— MPGAA* o

Em —+— ADA* Lo _ Em —+— ADA* -
P e ¥ E | — iaoar 7
- oo & 5 sl
g g E m
5 Feo £ 5 E
e - e R
Iv L a
2

E lgg @ = [0

5 Lo 5 L 25

Fo ; -0

200 300 400 500 600 700
True shortest path cost [map cells)

00

100

600 700

500
True shortest path cost [map cells]

200 300 400

3= 57 Running times for planning in random15 type map set; (a) Search time and (b) Total
time ; in the background the histogram of problems plotted in gray.



H 20 Average experimental results for planning of the algorithms on maze and random type map

sets
Maze Random
A|90rithm Search Tim | Total Time Path Cost Search Tim | Total Time Path Cost
e [ms] [ms] e [ms] [ms]
D*Extra
Lite 212.69 253.78 6761.572 17.88 23.59 362.399

D*Lite 1137.03 | 1152.51 | 6761.572 58.02 62.98 362.376
MPGAA* 2986.64 | 2988.86 | 6737.989 20.32 20.98 361.891

ADA* 1132.67 | 1148.59 | 6902.349 51.15 56.1 370.125
IADA* 561.91 571.56 6894.372 11.67 15.16 369.061
P = Aul2 E35] iADA* (improved Anytime Dynamic Ax)Q] A8& 7|&0] Az A& 4

252 AL mio] vjgl| 1 5ol Avrdos FAEJSS AT & S
> =I5t goJE oA iADA*= Q1 HIEAIS ot A9 2o} whE A4t ZuE A5
> + 7W AR A5 Ol=2 2 2R FEjQ] 512 X 512 37]9] RiojA efstion] Zh Y

ol sl & 50007he) AL 3 HAES asiS.
b IADAS 012 el WA Dr Exira Lite ojojo] 2 4meizol vie) St
2 ng.
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> 08)xd ADA-9} Hlwd T £ A7E Esf /Tl ADA: LTEZS ;Y HE WOy
7} OF 37Hj, 0|2 HE Mol 20 Hj of WHE o ek,

b S0]E/% ADA+O] A2 u]&L wE FEfo] A|wolA ADA=oJN AQE= A2 ulgwc}
e zoe tepd.
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® H7 A3 A7F(Mean Execution Time, ty)
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@® A3 A7ke] A EF HAx}(Relative Standard Deviation, RSD) : RT
> OS2 delE AlSE Aol Oist Ao B35 HALR o]e] £8MAQl B oh3t EE.

N.K

-

t=1

t

m

+

> o7|A, t= AY 5 5 WHS o]85to] AAIsH iHA] Asy AJ7HS Qjujgh
® FHd74 =2 AY (Mean path distance, Dy)
» D2 AoA A = F=2o] Hdt HE Qug
> Hd A2 At =2 A9 olF ARH ARACZ o] Q=] o] Afso|xQ] EAlo]

Al Zﬂtﬂgq WAAbolo g ofo = Qsict
» Do 7F A=o] 72] DO WHo 2 AAEY olu Ag DX t}Sa} Zto] w&at

PathSize — 1

D= Y, Dist(Path; Path,. ,)
t=10

b of7]A, Pathi 7t
M4g, DE 7 7429 A2l ot

AR Tt WA 2 28K, PathSizel Z2A0)A0] X 2Ax|o]

> Dist(p.g) = +/(z,—z,)*+ (y,—y,)* = pe q Ao]9] §F2]E #2](Euclidean distance)?.

® A5 (Success Rate, SR)#} A& (Failure Rate, FR)
7

P thZoR T 5% B4 Rue 2 dadF gt H4EER 5 a) @44 £, b) H|
Aot ;o] Yx[o] ARl d=25 =58 4 Qe 3= AUl
> A2 AE g5 3R AJolA a) ASRARRTY] =, b) HIE2 &2 EE AUE &
+ F90] g miek 22 £9 O] Aofadof o5l Fro] =& A 4 Qs
> whetA o] 270N B4 2ol dist daeEe] e taat Zol Al
_ 5.
SR=—2  100%
> OPIA, N& nei5o] 2 e MoK ol B4l a0 /j4E, K 249 ID
S Az A0 4 g ool
> oA ot HeEol dis dule2 o3 2ol 9 ¥
FR=100%— SR=(1- <) - 100%
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:{:ﬂ Initial Path )

> Move €

u Ohbstacle
Detected?

| Take turn

No Mave back onte

m Beyond safe
Boundaries?

= eriginal path
|B Replan path |
{ Replanned Path )
% 58 Data flow chart between integration of iADA* and DQN
37 540)A & IADA*9} DONS E3loto] 283 o] tloje 528 HolZxT 9l
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Step-1 : Initial path planned by path planning
agent (IADA*) with safety boundaries margin.

Step-2: Dynamic obstacle detected by DQN

Agent on the way of the UAV
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Safe
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Initial Path
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Dynamic
Obstacle
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Dogne
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Step-3 : (i) Obstacle avoided maneuver
within safe boundaries by DQN agent

(ii)Drone must move back onto the original

planned path
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Frd Paint
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Initial Path
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Obstacles
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Dynamic
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Cynarmie
Obstacies |

{ili)Another obstacle detected on the way: DQN

---'F'

Y~k @|ie

‘-,l"
fs - -

o
\

o

Start Point

Frd Point

Safe

Boundaries
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ymamic
Obstagles |

Step-4: Obstacle avoided maneuver by DQN

gave beyond safe boundaries

Start Point

Fnd PRNE
===s Safe
Boundaries
Initial Path
. Static
Qbstacles
'x’ Drone
Dynamic
Obstacles
_— yramic
F=  obstacles

e Rppdanined Path

©  Replanned Safe Bowndanies

Step-5 : Path replanning by iADA*

= 59 The scenario description about the role and differences between iADA* and DQN algorithms
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iADA* (Path Planning Agent)
(Calculated path + path smooth)

Calculated Trajectory
frem Planner Agent

2l 60 OctoMap generation for the path planner to generate the path

Aol inlerlace ftmpiten Cominding { Bhada T + B}
- A i
F 1T

ENWIrre T L i—-'l T | J ; i ‘:‘meu —

LIDWH Camer e ]
hberee Camens |
ki
Ty PodnpTioud = Oetabdap DA I Trajeciory E_?FH‘F"L,
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= 61 Detail steps and processes how we going to generate the trajectory from iADA* in the 3D
environment.

@ Step 1. 3219 37435 ¢% 37 ¥ (Environment map) 34
> 7]E0] 2&HA g0l opd

3AHd oA dr ARV|E olgste FEE Adsh ] HahiA]
+ A AJARIA g jie] AV 48
@ Step 2. 3xH4 7oA e] 37 9 FAAS 913 Zo] A X (depth information) °]&
> 3R MY 2 T8 AMZ flell durRlo g UAVO] AAME 7 dlolE AldS gt
AHH R 72l AlAoflA Zlo] ZJH(depth information)& ©]-&3aljoFat.
> = aAoA AlEo]MS Q5 AMESH= AirSimoAE= o] m3heh Chofst AllAfo)
A Ysty Qoo g AirSim T2 7208 ESJA L 5835 AFQt SAH TARE 4~ 9l

2 T M

rulru

25_
oTr
o
o -

® Step 3. SLAM 7)< 243 OctoMap A
P oS 2= ROS (Robotic Operating System)?] SLAM (Simultaneous Localization



Ag HAe
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Aolg 2 ojojzEd] Y Holez Ag

® Step 4. iIADA*S o] &3 AE AA
P = AoJA AL3H IADAxE H2E AAts)

b i

and Mapping) 7152 AMg3lo] OctoMapoz Lol 7z Ase 9dt Ae 247
(occupancy grid)s A3
P = AoAE= AOolE 715t SAstn HWESH 3xHA WS Al55H7] ¥s OctoMap &
912 48
+ B2E st o] = FEe
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® Q-Learning

» Q-Learning> 1989 Watkinsol] oJsf| 7HdH 7P FBsta 71241 defsts &
o]l

» Bellman YAAIS 7|8t g Q-value EQ Q(s,a)3tS YUolo|Es] MDPo] z|xo] Aahs
3 70l ks

Qs,a) =r+y(max, (Q(s',a"))

Vv v £7YA9l Y AKreward)

vV y(max,(Q(s",a")) : successor state($.4 AYEf)oA] 7=l %o Q-value, y< [0,1]

Vv s’ successor state($4r AEH)

Voad s Fd) Q-valueE A9 Tl 335 (action)

® Deep Q-Network (DQN)

» Bellman ®H7gAat 22 A9 W2 AMESH RL €2]&9] ZAIE sidshke A2 4%
w2t g-eA4o|al JHdsHA|gE 38z-71X] dh4(action-value function)S ¥HEAI 02 AG0|E
st Aol A8Ex] o,

» Google DeepMind?t Z& 7]9< folg Al D2 B
(experience replay memory)s AR86k= Q-Learning ¥12]5S CNN& %%6}04 SFSA]
7] DONO2t+= g 2i'd 2S5 Aeke

> 7} DA oo]FES] FAS Hloly Al Dol Mg 4 oW, YHO|ES sk &5t
9] olYslix|(mini-batch)7t FAHH 2 BEFE.

> Atari AlYS] B oolAEE HEIYT s, = 2p,a0,09,09 0504y, 2 LR O E2]|0]E
(emulator)et A2 AH-g sfiof 51, o] e Q-UEYI2ty daidl AT dH¥es Het
3
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off AFEEl= &A(loss function)E thZh o] LUERE.
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=l 62 The network architecture of DeepMinds Atari game using
DQN

Vv 859 /8-S HoliA olo]FES] B35S A4Sk online Q-networke} target Q 4 Al
80> target Q-network 2.
® Double Deep Q-Networks(DDQN)
» DON2 g7tz Qo H|@AARoR =2 35 7HK|E
AL
» DDQON2 EPJI0] 8iF A} 35 H7Hs Eejsto] Hgrts £o)7] ol ==,
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[ UAV flight data ]
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Optimum flight path

System Monitoring

Real time flight data Power Consumption Battery Model
Flight time, distance BEMT Energy consumption
State of Charge (SOC)
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Environment
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&l 67 System monitoring methodology

(2 9% w4

> GlAS By dolelet A B RES get v

>
>

(o]

2 Q=

ol

g} UAR]

u]y colei7}

AirSim (GUI)
Monitoring

A
RS

AARE HIYElolE(AR YAl &= H )= AirSimo] B|e) F= AHo=RH dojy.

A AR RUE R AREEE UAVY] FdolEe 2 dqtolM dH=d

cgo oojelz, thg Ee IYN kg,

T

E29] Parrot Anafi



2a4mm

240mm

=l 68 Parrot Anafi drone
H 21 Parrot Anafi drone configuration data

Parameters Symbols Values
Voltage V 7.6 V
Capacity C 2700mAh

Mass m 320g
Number of rotors N
Rotor diameters d 0.07874m
Cross Sectional area A, 0.00435 m?’
Projected area A, 0.016348
Maximum vertical speed v, Am/s
Maximum horizontal speed Viy, 15m/s
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Traveled distance = E \/(xQ - x1)2 + (yg - 91)2 + (22 - 21)2

L-axis

B(x2,¥2.22)
Flight path

A(Xy,¥1.21)

X-axis

-axis

= 69 3 Dimensional flight of UAV for distance estimation
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Input parameters

| UAV configuration data

‘ Output parameters

Energy consumption

UAV flight
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State of Charge

2l 70 Energy consumption, power consumption and state of charge estimation method
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T Thrust D Drag
m mass g gravity
v velocity 8 body pitch angle
a angle of attack Y flight path angle
Ty 2, body axis T2, flight path axis
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H 23 Energy consumption validation for IRS drone
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= 74 Power consumption and minimum power velocity

Y &= 7.05m/st ArSim Agelolelo] diae AtgEIolon AlA DUER o]
M EZ o] 83l 743t SOCE Parrot Anafi E29] F|of| 8]S§A|7IQ1 208 =0 SA1E.

4% gl AirSimo] Alsshs ool 7|9k BlAE mrdel PythonClient’} AMEE|S1 QT
2 e AirSim\PythonClient\multirotor\box.py “4z0] &x}3t.

4% Aite oS 22
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= 75 System monitoring results of real time data
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18 76 System monitoring tested cases and battery(SOC) for success rate
H 25 Success and Failed case analysis for system monitoring agent
Test case Success case Failed case Failure rate
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= 81 Task planning for only one task destination for UAV to finish a mission

(a) Path planning to generate the optimal initial planned path before UAV fly to finish the mission



(b) Dynamic obstacle avoidance and replanning path during flight in the mission
2 82 Path planning and replanning
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% 84 Global path planning and replanning using iADA* algorithm
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H 33 Success and Failed case analysis for system monitoring agent
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