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ABSTRACT

Extensive research has been conducted on the development of a flying ad-hoc network (FANET) utilizing
unmanned aerial vehicles (UAVs) for the purpose of establishing a wireless network. The advantage of FANET
lies in its ability to construct a network in a three-dimensional space, thereby offering a valuable solution even
in situations where obstacles are confined to a two-dimensional plane. This unique characteristic of FANET
enables it to be a promising solution for reconstructing networks in disaster or emergency scenarios. This

paper presents a novel algorithm for reconstructing an ad-hoc network using UAVs, specifically addressing
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scenarios involving malfunctioning relay nodes that hinder the delivery of source data to the intended

destination. To overcome the challenges associated with decentralized control, an autonomous decision-making

solution is proposed for UAVs based on deep reinforcement learning. Furthermore, curriculum learning and

recurrent neural networks are employed to tackle issues related to sparse and delayed rewards. To enhance

practicality, the algorithm enables UAVs to make decisions based on partial and incomplete information about

the surrounding environment. Experimental results demonstrate the effectiveness of the proposed algorithm in

successfully reconstructing ad-hoc networks across diverse scenarios.

I.M &

=g} e Tl P olF ot v)Ee)] ke
et 34 VENE TEE A FES 0 )
ole} e WEQZE wHll oj=F W=
(Mobile Ad-hoc Network; MANET)'2] & %
FANET®]| 432, FANETS -9l 3715 deo]
weR FPs] 331 B2 Aeld] s emiie]
34 2B delelE Ak Pl o= Lﬂ
91zo]e. oful, f=d VESZE wE 7E £4 9
o] FH=e] A 271 F(hop) o= dlo|E] M]o]
7Fssk w4 fIofPl FANET-S 74l 33718 &=
=2 Abga) Al Fof WA shzeke o] gle
B2, B4 7]k Alde] RAlgk Aol ==
F5o) Fhssie). whebd, 2A} Ao} B 2 A
Ao} 2B Ak o® ZuE Alde] gl Adel e
A4 = Qlel 2L FARE, Al o =E eSS
ol TSk Qi vkl wm 5 shieke EA)
A7 745 A MEHZE] o] wbsshhs
o] EAIRITE, B e ol2fgt $17] Al
F27I7F AR Al e 9AE zbo} ﬂh‘ﬂ
& 5 =S g vEYE 57 ke AR
540 VEYm B vl AAE siH= =}
A9l B ox} AA wlale] wole] Hgsl)
FANET®] 7% :=E59] o]% /b5 wel7h 355l]
] 7P, AHAES g AelE 5 aeslof
& W7} teksirhs S40] glek weh, wE 7
o] g ) V== 2T Yl Ak 7]
x| Fo Ao} WL HENTE T e
S7} Z7ksbA wedslol 3 217 24lo] W A%
o Bl A o A R 4 glek b, 24k
r} AA whAle 7 Y EY T wur) T el
AL mEsp] WEel e BAiwe WEs)a
B ek AP 7Fssit.
A o)ab A W F shel etekee o4

FA7} 873} A Azatgeln] 5o HlolH

i
e

&)

= ﬂa}u% 012 7ke HAe| % Al A
o] Zeo |6l She] 2|9l Al FolR]
W Ak zg HE ]—Eki -4"41‘4 LI
k<]

Q
=
i)
)
WJ
o
, o g
37:
Qe
ol
FF
OO
5
iz

o= E78ka, S FAEs el BAte]
oJx]= A9l HAKdelayed reward) wA19] -9 A~
Sl ofe]go] whEcl’. o]t °1‘j~43*— Gk
Al el B s F SxE A8k A5 9
= B S 7 F=o] o] fof|A] 97 u

Qe AeAel Baka oA el
Ashotr e Tk R F9l 971 ShrAlA =
2% 4ok gk sl g, ol 4
G719 A A 5 98 T ans
e, an iﬁf*ﬂ D4 5] 4 A A
=94 o) ol R FAR TS 0N o
sol Sgrahs A2 WALS ol g, e, )
A AA wae wr RE A% 3

(contribution)& -o3}7] 23l AAIE AHRE 32T
T e T3 (Recurrent Neural Network;
RNN)E o] &3t} Aapdo g Yl g3r|= kA
A vESZ AA A FA7F 7hsshEA A2 el
A2 AM3= o]% ARE yEsle] AL <53}
= 2e FuE 3} 53], 9549l 3% s +
ol &-g7] A1z} 7FsskeE TD3e| 7]Hlgh V=S
I BT dyg]ES Al

B eRe] PAE et R e Al <
TE 2Vg)E AR 324 3= w2 Z2A]5)
A mds 7k gkl A A Aol
g A8 A—fEH 7Hke] AlF Asksky daels
o vhal Auah) WA Vaelde AReelds
I Ak dare]Ee] Aes el




The Journal of Korean Institute of Communications and Information Sciences "24-01 Vol.49 No.01

. M3l oA

21 22 o=z UES=

FANET-2 ¢l 337|5 A-&A17A 3219] LﬂE
2= A WHYE 712 MANETS] Yo} F-<l 3]
e #Ax &, wiEe] 83 deld A% B, 9
Bke] bk AlghkEe] glom Ao 271 el

WENZE A 02 FEalok ks At 2
0L et AR, R, Fash 2 vl

2 o

5 B8 et 5 glonfl!l Rel ghyy] A
o] 4 242 3l FANET?| 27|15 A4 5 9l
o] gJrk FANET-S &z 74}, 217k g0 2
3l

o) 249 5 QES chyg A7k AT

2

3} o] %}{—(model free) 71@}3]'-’5_3—1 ﬁrﬂﬂ}
ol
=4

Shgohe WAl oE, F—%"l %i% i}ﬂ%iﬁ‘r Biney

8 AePll et 3 mel
<+ A&s] ok A EH—‘TLEri’J 35 EAA B
317] wfitel] o] gl= Zdslslere] viS de] A4
%quJS].

o] ¢l= 7332 71| 7]HK(value-based) &
%3 A4 74Hpolicy-based) o2 FEH 4= 2l
th. 712 78k sk WA o 2= Q-learningo] tHEA]
olck o] Folzl Aeelx] A=k ol tigk 713
A Q-5 Fdll Q-2 Ak

st A7le Ass gl FHTeds
Q-learning®ll ¥ AlF%wE A Jﬂ DQN  (Deep
Q-learning Network)e| Tl #-4-= 3 glefel

DQN-2 A F7te] Z A A% 7Fsslth=

;‘WO] short, Q-3 AR HAellA] el A
JI7} 2hARch= whdo] olrt o] & Hekgh ofare|E

DDQN (Double DQN) 2.2 DDQN-<- 27}2] <l
ko] A} = AR ke Adgsle] A 4 A
WAL e Q-ghre] WSt wet A Ae]
A Hsd 5 olew oibAel s FkE 7l
At 28 71—‘3}3]—— SHAlE 7RIk

92 7]k sk AL dlefv]e]s) sho] 233
S 2 AL AL 53k WAle|rh tiEA]l o
312]%-° 2= REINFORCEMENT 32]%o] glrj.
A 7k S AL Hale] A1, W A w4
#H(local o 1mmn)°ﬂ Ttk WAe] EAlgich

715 7|ub S<sa) A F|ub sl A 2sL 1A} A

sk

ot

]

ria_

m[m

i

_1°"

ksl NEj-=2]E(actor-critic) WAl A
£ H¥(actor) VIEHZS} 712 5 l*}?ﬂ*— =
219 (critic) VIEHZE 23] JE] vEY 3= A
S AAske, =9 vlES] I dE7E A=d 3§
Zo ].‘] 2 7uke 2 Hrlsh) uebi] de-=
28 daeE F e vIEAZE FAlel S
71A Eh;} HE]-z2]E vRAle A ofdjo] Ee) A
H717} 27) ke el AlakE m e gkl
shro] Fbsahch 48 Ahaleh dlEAel ol
© %= DDPG (Deep Deterministic Policy Gradient)
o} TD35o] el

m

23 72|28 dekets
71e] Zpsfete] A4 claret Erldl @ ofed o]
1 Age] SV S ] Tl 43
ol 4o A ol ]S
wAE s fls w 7]%"1]% mlAl =4
(fine-tuning) 58] WAl e ElAt d
& nolx) sigheh. urk Aol o) S
S 27] AeelM wlig= AL Bt wlstel] -
A BHS 96 B ANS ST AT
Azl 73tk whAjol Ak, A=lgs 7
sptee] ae gaE ARsill Bash] 4
e A S 5 Qs Q1A A=At 7
ejgee sk ol ok FAdoR oE A
2] 7 el 2l ek e 45 2
A EAE SR W, B g7
d FrIH ez 39 HRE sk WP, A1Y A
J

B3} e T FEE A
]

d

21,22
=yl s

2.4 Asisks Jdt 2212l 0|-|-:§ HES3 7=
FANET-S 7ASHE 717152 3319 o]5AS
A3 9le] MEY =] aAAA §A7} ofc). w3l
7t 7171 dubd o viele]E sk Fabslne
#47a] oA Ago] BHolck olel whe} W=
9322 g 0 2 X3 BA]o duR] S T
o2 AH8317] $1%F Q-learning 7]HF wHFY o =E
HEY = 7= dag]Zoe] A=Y, s} AT
A= @y o]% mdS we} Tﬂo}l——_ Zrlel e

b Axge] FNGE MEZE GASHE BEe



i

B/ 22k AEY AEE 1 FAGTINE LD A AF EAT BT AT

2 A AYE S5E Boloh =3k " A
2 TAE Az} ouA] FPHAE :E(energy

harvest node) & 743t =2l 7uk 7)sleley daElE
T AAE A o] Q1A mEele] Arle} Q1A &
o] wiee] AeE e ARE Aol 54 oy
2], A wielg] S 7IHEeR ofufA] 28]l v
EaE 753

Az 731Ess 7Mke R FANETS] QoS
(Quality of Service)E WHEA17]7] $l3 F4l 7]
2] $IAE AABAL AAE g3l A7) #18E
AP, S AT A|QAA I} A 2 7]
9] QoSE B 9=EA]7]+= FANETS 7=3)17] <13l
i Re] M= AAE sherslsict w3k AS w% 1
3 217" (deep recurrent graph network)S ©]-8-3)
1l ] He] 914 AA Akl 3F ATk o]
FARN dld A= 2F Tl 7t FEE
A A4 WSS wr] S18E BAew AldEgl e
v e el 1Y Eelrt aAEe] 9le]
FANET?| 37417 A& a2f3hA] Sslsicks 3|
= 7RIeh B =RellxE Fol e aw g
ZAF F UEE FoEn Hrl AAA]] AvE] e
o A4 7t dalES Aokl

=

. 7212y Zskeks 7l8

OiES HESR3 #& 57 418

oM

e

3.1 12{5l= FANET =&
B Aelli= 78l 75 A =S vES
0] AF v} TR B Al E AdES e
o} olull, FA| =o] A 91| Tk Erlsle,
A A e 7o) Ato] ofedg- 795 AR o]
o} -2 FA| bl 74l S Fgsle] A
o2 A FgoExn UEYIL FE BILE EX
g}, w2jsh= FANET 7del digh ofl4] o]n]
= 28 18 S8 E<13 5 Slok FANET 372

Nx Nx N 3719 32181 g7go]ct
FANETS TA8h= 2=t A& 1€ (s, d, a, 1}
= 5ol Vel 5 olek Al 3 84 A A
F TS &2 E e, HlolE] AlE|R dolElE
Adsls 24 kT g A0 kT B4 T Alo]g]
A7AE Tdsl= MNe] BE - €aytth€ay, 18]
I e FAlel o] k= o8 ongiu) o17]4]
BX kreE AF5 o|A5E FANET-S 75313 9l
o, 55 B0l | BE ke A

= 1
= et 3 ]l el WA Al S 2

T o |

N

e

- A A A
g. 1. Ilustrative diagram of problem formulation

T
o

=
o

t}, oo} e Abglolx] Heo] T o> W=
4 wme] 9139} s e AR SR el
F4 W) WSS Esle] o= Y ESaE
AT,

B ERAE 2 wuo B4 wer) 38
2] "oix] o] 2 Aql dlolg] Hfo] Bt A
< Faik Dee] e AA WEAZ R4 o]
o] Fhwalvd, wlole] $41 W9l WAE U B3 7}
= 78] 8 AL A7 Pl 22 E B 2
32 A (% y, 2) 2 (K Y, AR aA
Ak

Bz e} dlo] mu= o3 EX(full duplex)
£ 7Eh dlolHE FAlo A1 5 gl k=
ek QA = g Alole] (x y 2 % Flele 2
lx,t(i'j)' ly,t(i'j) lz,t(i'j)i A o)s}, laxis,t(i'j) =
laxisf — axis] laxisepey.zyolch 441 4 23 715
B2 5 ol == e7h EAlehe A9 (L ()% +
by )+ 1, (L )DY? < 8o mzgic) o]o} 7+
& A 2 ot 2 ool QAlshekaL gelstel,
EE gie 25 eellAl dlolg] FAle] sl 74l
71e] &A% wEe =27|E Hkedsie] Hlo]
=7} 3R 4 FAS XE 5 e Fd 1 k=
] = NpZ AL

£ R

32 £25 U olzaE oAb 2d 29

Aol HAE keS8l siAEs] sl
FANETS 7AsHs delo] k=] o EAdads
H-EA 5 w2 I A 7A(Partially Observable
Markov Decision Process; POMDP)°.2 X dlzfsh

< olrk 3k A1l "lo] == sl (agent) 2A]

15



The Journal of Korean Institute of Communications and Information Sciences "24-01 Vol.49 No.01

Aol NA= 330 g BE ARE F53=
72 dAH o ® Brlssic) web, HAlE A A
AR 28 gE s suke 2 SRS zsﬂ?fh:]—
NAE 3733 As=83b T A x| gk 5%
3Pk, olol] wE BAF AT E JHEeE 7 “]EH
HARS AR 3l AL 2= 7S By )

POMDPE 52 <5 0, A Q, T, R y> 2 ¥l 7}
<3t} S= #31sE Abel] #]3k(finite state space), O
#-3Fgt #7 %13k(finite observation space), A -3+
3} )% A3K(finite action space), T(S¢41lSe ar)=
5}-E(state transition probability), 2(0¢|s¢)
£ IZ+10] E-E(observation transition probability),
RE Foizl Adela] 35S AEgs we] wA
(reward), y= vl BAF 7k o] gt 217 H(discount
factor)S oJwgic}

3.2.1 &elf HE (state)
A s € S= A7t elAe] HEHa W BE AR
= ofvlalad, ofelsl o] el

se=[Lx,yuze |

sz A e e
= 2] 37190 ol S1A 2 FAE sldo]e). of
R, %, 3, 7= A 18] BE wee] $13]) An
o]wie.

4036\;}16{5’d’a71’},—]—

71

=
=

x, = [x5, x4, x], x%, . x| T
= [y, y4 v, y%, -, ywm] T
Zt = [ZS' Zd,Z[, Zal, cee ’ZaM] T

3.22 4= FHE (observann)

I= AW o€ A7 A Lelo] e} Q)
A Lk g Ao ”ﬂﬂ A LAr, ), LAz, ), LAz, )
o} 1A x| FF IEs, d, a}, D] = 2]
o] 912 (x{,y{,z{ )& A2)gh}. olu), Leflo] =7}
WL 5 Qe W 2= = A Nuol B, B
5 Ane] 270 0, € REColey o= 4] (1yel
Chepiie),

Lee(r,11) Lyt (r, INobs) Xt
bye(rl) oo bue(nlve) i |
Ly (r,1y) Lzt (r, INobs) t

I, Iy, T

3.2.3 #&(action)
5 a € A Heo] xx9 o]F A W Zk
(Ax{, Ay, Az]) 2= A )3}

a, = [Ax],Ay7,, Az[]T.

ol 7 it BES] HAH Aot BE] H
Uk Anes A1)

e 7k

(Amin < Axf, Ay, A2 < Apay )
3.2.4 24t g=(reward function)
HAF 3 R(St, g, Seqq) = NAQ] S H3]
wh2 wARsky) Aele] A1 Hgto g o3 72|
5o}

R(st, ¢, Sev1) = N1R1(Se41) + MR2(ay)

A7NM N2 7} 3] 71545 A, Ry niA
HARES ofw|ghtl.

A, Ry P58 S ok Aol ==
E 7} B o Fel we} oy} 2] F
of=lc}.

Ry (Speq) = {1, network is recovered
1o 0, otherwise

%, V=S Ao R B 49 nge] 7
ofA|ud, 137 9e gl sl 3 AHESA) o
=)

oo, Ryt 7HAIS] 52jlel] mE Ae ofa}
elch o e, 49 0|5 A2 Fal vl
928 BT ok B A AU

AR E LR EOEER R R
A& Thest o] el

Ry(a;) = Ax] + Ay[ + Az]

3.3 TD3 7|¢t POMDP &£%M

2 Qo= A5l A 2 35 FFtelA
A 2 s FHHsE fs dE] =E"
(actor-critic) 7|Hke] AAEA dve]&Ee] TD3E &
43k

TD3 &are|&e] 73-9- 2709 =9 vEQAR Q

rlr

o

of



i 2Rkl ARER A A $8E1E B4E A 4R UENT BT A7

e S AR v, = F AR e vES = o
tlo]Ee]] 0]-8-8}= clipped double Q-learning H}HAlo]
gt a9 7S S8l 7] e Sl
A7 AN 71 F3 7 5 A SellA] A
7} =" F5A] (overestimation) A4S Skl
o]Z ke ® T ZEE uvEY T EAFeE

o3 Zo| A=k
2
L(6;) =E [(Qei(ot' a,) — Yt) ] 2

&3714 y = temporal difference (TD) target>Z
chewt gho] Aelek

Ve =Te+ ymine,Qy (0441, @)

o714 aw AAeAM AEHE AVF A~
T (0141)0] smoothing noise e~clip(NV'(0,8), —c, c)
£ ol FeE g oE Hd 2 AR s
A=), o]oia], AWML Zalsls HE] WEYI=
o 22 5SS 2k

L(p) =E [Q01 (Ot’ﬂ:d)(ot))] 3

3.4 72|28 7|2t FANET &7 ¢12|5

B =wellA] sAstaA) sk EAlellA A= vl
EfIE e e Af 384 B AlsE
53 Faieh shre] dile] d 4 sle BAF A
5o 3 AA H 71| o] HAE ZAIE o
FA WLk Al A3 MESEE 58k
AL AYsrw slejels 2x DA 7L
A2 3535 el g Hrhs AR o= =]
St wARe] glct o9} 22 FAIE A

Target Current

Task Task

&
G

27 2. AelER Seldle] A o) oy
Fig. 2. Expansion of task domain in curriculum learning

3 11
= 7 S Fa 3 W9l Nox Nox NAE FY
$7 W91 Nx Nx MHA] =23 0= gdsA =l
ol ol 7} 3o x ¢ sher 7|7k AA| g5 717
ol K& 53 L2 el arefsich

olojA] ote]Z 2= TD3 diE|&S 7|HkeR off
=5 UE=e] A BE 918 Helle] k=9
a5 IS F3RR A st 717F ko) vl ol 9]
2TE PSR timestep T 22¥ o) A7} 78

G 5 9l A sase] £ ARG 5 ik )
ekt Wefo] et 3 AUE WA B
@ AR o 5S4, ol Al
75k o) T 250 S Nl 2R A
F 53 "ok A% el A B JuE )

elo 2 dlole] Al W9 xS Wtk AS] o} o)
A7) (Ax{, Ayf, Az[)S ZAAs}e, S (exploration)
S 93l kol= N7 HEizlch ARE A8 =
o) g W9l ARk ol @' e

oE] WE$)ze] shejeleolc)

|

Aiiq = 7T¢’(0t+1) + €, e~N(0,0)

WAl gt el ola skl el Aol et
HARS uk=r) BAkS YEY T Auled} dux] &
H|gole}. o] % A 3, g5, BA, ohsy BES F
= Hul2 A1 vl 22| (replay buffer)el] A& F,

Algorithm 1. Environment expansion based on curriculum
learning

Algorithm 1 Curriculum Learning

Require Training iterations K, The number of
curriculum level L, Reward zone size N,.,
Environment size N

1: for Curriculumlevel [ =1 to L do

2: for iteration k = 1 to % do
3: operate Algorithm 2
4.

Set environment size X 1

5: end for

(N_Nr)
L
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Algorithm 2. TD3 based ad-hoc network reconstruction
algorithm

Algorithm 2 TD3-based Ad-hoc  Network
Reconstruction
Require entire node set I, action set A, replay buffer
D, critic network parameters 6;, 6, and an actor
network parameter ¢, target network parameters
0',,0',, ¢', target update frequency d, soft update
ratio 7, batch size N
I: forepisode=0,1,..., T
2:  Initialize relay node location x{,y{, z{,
transmission radius &7
Update exploration noise o
forstep=0,1, ..., tong
5: Select action with exploration noise

a,~Tg (0,) + €expr €exp ~N(0, oy)

6: Update state S,
(Fvu VEen2bn) © FVE 20 + (B,

Ay:t, AZ{)
8f1 < O] +AS;
7: Broadcast data
&: Get new observation 0,4, receive reward 13
9: Store transition d = (0¢, @, 1y, 0441) in D
10:  Sample N random batch of transitions from D
Iy <1 +yming=;2Q¢7,(0¢41, Ar11)
12:  Update critics 6; by eqn. (2)
13:  If t mod d then
14: Update policy ¢ by eqn.(3)
15: Update target networks:
Hli « Tgi + (1 - T)gli
¢ 1+ (11—,
16: end for
17: end for
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The Journal of Korean Institute of Communications and Information Sciences ’24-01 Vol.49 No.01

A

10 {
08 %
o 061
o]
jd
]
= 044
—— Proposed
02 4 — 103
DDPG-COS
—— DDPG-0S
0.0 —— DDPG-C

D 200 400 600 800 1000

iterations (unit 50,000 timestep)

hit ratio

B

104

- Proposed
D3
0.8 DDPG-COS
06 4
0.4 4
024
0.0

0 200 400 £00 800 1000

iterations (unit 50,000 timestep)

2! 4. Scenario 294 &< Aol u}E hit ratio. A: B2 =T 7A. B: HFE Lt oF 75
Fig. 4. Hit ratio over training time in Scenario 2. A: Assistance node is fixed. B: Assistant node is movable.

Zrvir 7292 AEE7] il 54
A3} WS BallM= wAE AT 5 it
A Lol 71 =2 Ass BAS =
AT} 7o) LSTM 2 A EH WAle] el
TFollA Ak wAlelrh wbd o} WAES
Scenario 13} H|us}te] At o R F& AJ5-S

FF

3} ==3h Scenario
AR Bz wmEl] o)A = 73-5Hr) olFA
o] EA3h= 741l Aeel Wt whowm Alg] F7le]
F otk AY s F8 A=EH

| Ao R VES S B1-E
3 7Fesk S 1Y 5 3ok

4.4 F2t Fof WAlnte] At
Zob Ale] WAle AEHOR HENZ W] mE &
&2 AIs] 918 Abgsle] ghovt, vIES D P4
82:9] 47 lskgeAo R Sl wel A %
o] Al ehekea glek ARRE VIESZ
B duelBe 5 A WAoZ AT AT A
A vlEs] =) el g A5 2} Besieh &
oF Ao} WAl Tejat A) ANk Baheis gl gl
alelstel, o)t vEglze] 2710} A Bae] o
= A 5 giek

AREE kel Ee o Ale] whAle] obd g
of W8l AL A3l AN BAkET} Q1
Aol Ak B3kwe} 25 ol wleleled, ol &
ehilek, WEa el 3] x = oyl 94y

=& H|W

N

|

R

q
0-
I3

SN NY

2
iy

l

20

2 Y e 940 Fy = a7t EHeleta &
o, A glele] We] A9 LSTM & Z-83h= 7
S ARE BAlw 245 +24x0]0], MLPS w8{3p=
739 2xolch. FHA #ole] W] At Bl
8¢, 4 #olo] w2l At BAatEls 4x0]th
oloa] AA Fe] A7k Nx Nx Nela, w9
o] 1% g s T Al WAl N x ¢
W8] ofAkshe ododell gk s 7sAdell el '
£ Fasllo} gtk o7|x] 2 4y W st =
5ol el |A7} aed=e], HFH o= AnEak
BN x @ <A} Hk &, A e el 5
2 AL BAo) AlgERE ARE AL geld 5 ¢
ol wbd, Agkel daele] Ant Bt aF 5
lena®t 31F A7) A BRI} 8= g0 % 324

i

H

B 2. Q3 A Heolo] H AKXt Bxtw
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